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Systematic Literature Review on EEG-based BCI Applications
Abstract:

Electroencephalography (EEG)-based brain-computer interface (BCI) is a system that pro-
vides pathway between the brain and external device via interpreting EEG. EEG-based BCI
applications have been initially developed for medical reasons such as enabling patients in
completely locked-in state to communicate and rehabilitation of stroke patients. Nowadays
EEG-based BCI applications gain increasing significance also in the non-medical domain,
where applications are being developed also in order to enable healthy persons to be more
efficient, collaborate, develop themselves and much more. The applications in non-medical
domain include for example applications for smart home control, monitoring concentration,
live brain-computer cinema performance and gaming. The objective of the work is to give
systematic overview on the literature on EEG-based BCI applications from the period of
2009 until 2019. In the study the trends in the research have been analyzed. The distribution
of the research between medical and non-medical domain has been reviewed and further
categorization into fields of research within the domains. In the study also, the equipment
used for gathering EEG data and signal processing methods have been reviewed. The sys-
tematic literature review has been prepared following the PRISMA model. During the pro-
cess three well known databases PubMed, Scopus and Web of Science were selected to
conduct the publication search. After the initial result, duplicate publications were removed
and unique publications further screened and assessed for eligibility. After assessment 202
eligible publications were included in the final analysis. The overall number of articles and
conference proceedings has been increasing throughout the years. The amount of research
is increasing faster within non-medical domain in comparison to medical domain. The ma-
jority of the research has been done in Asia with China contributing the highest number of
publications throughout the years. In the study also the overview of the distribution of the
EEG based BCI applications among different domains and fields has been given together
with techniques and devices used. In the last part of the study current challenges in the field
and possibilities for the future have been analyzed.
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literature review
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Elektroentsefalograafial pdhinevate aju-arvuti liideste rakenduste
stistemaatiline kirjanduse tlevaade

Luhikokkuvote:

Elektroentsefalograafial (EEG) pdhinev aju-arvuti liides (AAL) on slisteem, mille abil on
vdimalik Uhendada aju arvutiga ning votta arvutil EEG vahendusel vastu aju kasklusi. EEG-
pohised AAL-rakendused on algselt vélja tootatud meditsiinilistel eesmarkidel voimal-
damaks nditeks patsientidel sisselukustussiindroomi korral suhelda vdi insuldihaigete reha-
bilitatsiooniks. Tanapéeval omandavad EEG-p6hised AAL-rakendused tiha suurema rolli
ka mittemeditsiinilises valdkonnas, kus rakendusi arendatakse ka selleks, et terved inimesed
saaksid olla tdhusamad, teha koostodd, ennast arendada ning paljudeks teisteks voimalus-
teks. Mittemeditsiinilises valdkonnas on arendatud nditeks rakendused nutikodu seadmete
juhtmiseks, inimese keskendumise tuvastamiseks, osalemiseks interaktiivsel audiovisu-
aalsel Uritusel ning mangimiseks. Kdesoleva to6 eesmark on anda siisteemne tlevaade EEG-
pohiseid AAL-rakendusi puudutavast teaduskirjandusest ajavahemikus 2009 kuni 20109.
T606s on analtsitud antud uurimisvaldkonna suundumusi, varasema teadust6o jaotust med-
itsiinilise ning mittemeditsiinilise valdkonna vahel ning jaotust tdpsematesse kategoor-
iatesse mdlemas eelpool toodud valdkonnas. Antud on Ulevaade seadmetest, mida kasu-
tatakse EEG andmete kogumiseks ning signaalitdotlusmeetoditest. Slstemaatilise Kir-
janduse Ulevaate koostamisel on lahtutud PRISMA mudelist. Protsessi kéigus valiti otsingu
teostamiseks kolm tuntud andmebaasi PubMed, Scopus ja Web of Science. Pérast esialgseid
otsingutulemusi eemaldati tulemuste hulgast korduvad publikatsioonid, viidi l&bi skriining
ning hinnati taiendavalt publikatsioonide sobivust. Pé&rast hindamist kaasati I6plikku
analliusi 202 publikatsiooni. Publikatsioonide koguarv antud uurimisvaldkonnas on aasta
kohta aastate jooksul kasvanud. Vorreldes meditsiinivaldkonnaga kasvab mittemeditsiini-
valdkonnas lébiviidavate uuringute hulk kiiremini. Suurem osa uuringutest on labi viidud
Aasias, kus labi aastate kdige ronkem publikatsioone on avaldatud Hiinas. Samuti on antud
kéesolevas t60s Ulevaade EEG-pbhiste AAL-rakenduste jaotusest erinevate valdkondade ja
tdpsemate kategooriate vahel ning varasemas teadustods kasutatud tehnikatest ja
seadmetest. T6O viimases osas on antud Uhtlasi tlevaade uurimisvaldkonna praegustest
véljakutsetest ning tulevikuvéimalustest.

Votmesonad:

Elektroentsefalograafia (EEG), aju-arvuti liides (AAL), rehabilitatsioon, sustemaatiline kir-
janduse Ulevaade

CERCS:
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1. Introduction

Electroencephalography (EEG)-based brain-computer interface (BCI) is one of the
most rapidly developing field of BCI [1], [2] which has potential to expand far beyond the
domain of medical applications initially most popular in this field of research. The applica-
tions of the EEG-based BCI range from assistive technology, rehabilitation, communication
and assessment to monitoring, machine control, authentication and entertainment. The ex-
amples include applications developed for robotic arm movement [3], intelligent wheelchair
driving system [4], communication for completely locked-in state patients [5], [6], monitor-
ing mental fatigue [7], authentication of persons based on visual stimuli of geometric shapes
[8], driving car in a virtual city [9] or recommendations for music based on person's mood
[10] and many others.

The BCI applications are developing quickly and therefore it is important to have
up-to-date overview on the EEG based BCI applications together with analysis concerning
possible challenges and way forward. The significance of the current study is to give over-
view about current work done in the field of EEG based BCI applications together with
challenges and future possibilities. The study provides comprehensive summary of recent
work done in the field.

While preparing the systematic literature review on EEG-based BCI applications the
PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) model and
principles developed by Moher et al. [11] have been followed. In addition to PRISMA model
guidance from Cochrane Collaboration could be followed as alternative good practice for
preparing systematic literature review [12]. As the PRISMA model has been developed to-
gether with the Cochrane Collaboration and with wide number of experts in the field
PRISMA model was selected as currently best collection of principles for conducting sys-
tematic literature review. The PRISMA principles comprise of 27 aspects that need to be
considered during preparation of the systematic review. The PRISMA model has been used
as best practice for many previous studies conducting systematic literature review [13]-[16].

During the current study the literature on EEG based BCI applications during the
period from 2009 until 2019 was analyzed. The overview concerning the published articles
as well as conference papers has been shown throughout the years. The trends regarding the
number of publications per year and per publication type has been analyzed. The regions

and countries in the forefront of the scientific progress have been highlighted and during the



study also the number of publications per author has been analyzed and the results have
been shown in the results section.

The overall review of EEG based BCI applications has been created and the BCI
applications have been categorized based on domain (medical or non-medical) and by field
describing in more detail the current trends in BCI applications development. The study
introduces the current trends for development of EEG based BCI applications. Although the
initial need for BCI applications has been in the medical domain the study shows that cur-
rently higher pace of development is ongoing in non-medical domain. The initial BCI ap-
plication development has started from the need to allow locked in patients to communicate
with others and possibly take part in daily life via control of computer and external devices
via brainwaves and is moving currently towards widespread use in daily life of ordinary
people with applications monitoring their attention, supporting their daily activities or used
for entertainment.

In the study also EEG signal acquisition and processing is analyzed. The overview
concerning the prevalence of different EEG devices has been given together with the details
regarding number of EEG channels used in previous studies. Overview is given concerning
the techniques used for obtaining the EEG data. Regarding EEG signal processing feature
extraction and classification methods have been analyzed.

The study gives also detailed overview about current obstacles that inhibit current
progress both technically and in other aspects. As important as technical aspects are the
ethical, legal and safety considerations on BCI application development. The synthesis on
current challenges gives comprehensive map on what to focus in order to support BCI de-
velopment and shows where are possible risks we would need to address. The study also
shows direction where the development is moving and possibilities for the future. The trends

and future possibilities give better understanding what we could expect after years to come.



2. Background

In this chapter the discoveries in brain research and technology are discussed that
have made the development of EEG-based BCI applications possible. Overview concerning
the functioning of BCI is given together with possible different categorizations of BCI-s. In
the last part of the chapter the need and possible use of BCI applications is explained and
BCI applications in medical and non-medical field introduced.

2.1 Electroencephalography (EEG)

The use of EEG has become possible due to the work and discovery by Hans Berger
who discovered in 1924 that electrical signals could be measured from the scalp of human
brain [17]. The initial discovery was done using simple galvanometer and confirmed the
possibility that neural activity could be measured by this method [18]. Berger conducted his
work using invasive methods and was able to also identify already then EEG waves present
in a brain such as alpha wave and therefore it is also known as Berger's Wave [19].

Table 1: Brainwaves, frequency ranges and description
according to Ramakuri et al. [20] and Landavazo and Nandikolla [21].

Brainwave Frequency Description
Deep, dreamless, non-REM sleep,
Delta 0-4 Hz uNCoNSCiousness

Intuitive, recall, fantasy, imaginary,

Theta 4-8 Hz dream
Relaxed, but not drowsy, tranquil,

Alpha 8-13 Hz conscious

low beta 13-15 Hz | Relaxed yet focused, integrated

. Thinking, aware of self and

midrange !
Beta beta 16-20 Hz | surroundings

high beta 20-30 Hz Alertness, agitation
Gamma over 30 Hz | Observed during short term memory




EEG measures the brain electrical activity caused by flow of electric currents during
synaptic excitations of neuronal dendrites and is measured via electrodes located on the
scalp [1], [18]. After the initial discovery by Hans Berger additional brainwave types and
mental states associated with the brainwave types have been determined. The detailed over-
view concerning each brainwave type, their frequency range and associated mental states

has been given in Table 1.

2.2 Brain Computer Interface (BCI)

BCI is a system that provides pathway between the brain and external device ena-
bling to read biological signals and interpreting certain aspects of the person’s cognitive
state [13]. BCI could be used by a person to control computer or other device via computer
by one’s thoughts without using ordinary methods of working with computer (e.g. using
hands) [22]. BCI could be used also to monitor subject’s mental states such as emotions
[23], concentration [24] or drowsiness [25].

BCI is functioning generally by four distinct processes comprising of converting
biological signals into electrical signals for the computer, extracting features, gathering im-
portant information and combining information for useful purposes [20]. The EEG signal
analysis has been further divided into four steps such as gathering of raw EEG data, signal
pre-processing, feature extraction and classification [2].

According to Padfield et al. [2] the signal analysis steps could be characterized as
described below. The collected raw EEG data comprises of all the EEG data collected before
pre-processing and further analysis. After collection of raw EEG data pre-processing is used
to clean noise and enhance the quality of collected EEG data for further analysis. During
feature extraction discriminative and non-redundant information is extracted from the EEG
data to form a set of features. Padfield et al. have highlighted that during this signal pro-
cessing step features are determined on which classification can be carried out. Extracted
features will capture distinct signal characteristics which can be used as a basis for the dif-
ferentiation between task-specific brain states. During classification step it is determined
which mental task has been carried out by the subject and corresponding actions are taken
by the system. The use of specific feature extraction and classification method depends on

specific type of BCI application under study.



2.3 Categorization of BCI-s

The most common way to categorize BCI is on the basis of invasiveness. The BCI
could be invasive or non-invasive depending whether the device is connected physically to
one’s brain and the electrodes are placed inside the brain or the device will read brainwaves
from top of scalp [1]. The use of invasive method of direct contact of the electrodes with
brain is more efficient as there are less interfering factors that influence the signal quality
[26], but the invasive method engulfs the risks of surgical procedures and possible related
complications.

More popular and easy to use is the non-invasive method, where the brainwaves are
read from top of scalp for example via electrodes placed near the head in a cap or headset.
Although this method has also some drawbacks including disturbance from external noise,
effects from the posture and mood of the subject and in detecting signal not in high strength
and therefore with reduced signal quality [2] there are many studies ongoing to determine
best ways for signal detection and analysis.

The currently most popular non-invasive method for acquiring brainwaves for BCI
is detection through EEG. The popularity of EEG is supported by inexpensiveness of the
equipment, less complications, portability, easy process to set-up and use and possibility to
directly measure neural activity [1], [2]. EEG reading is easy to use and has high potential
to be applied by majority of the population in order to use high variety of possibilities that
BCI could give. Other non-inavsive methods include functional magnetic resonance imag-
ing (fMRI), magnetoencephalography (MEG) and near-infrared spectroscopy (NIRS) which
can be used separately or combined [1].

BCI could be divided into separate subgroups based on the way to detect and convey
the signal from the brain to BCI application and principles of the functioning of the BCI. As
per Al-Nafjan et al. [13] BCI-s could be categorized active or passive based on the control
of the BCI application. The categorization of BCI-s based on active or passive control and
corresponding techniques used to obtain EEG data have been presented in Table 2.

The BCI-s using active control react on conscious efforts to alter brainwave patterns
and the applications could be controlled via active efforts by the user. The BCI-s applying
passive control react to involuntary status of the brainwaves, for example on emotional
states such as meditation, excitement and stress [13]. During active control of the BCI ap-

plication the signal could be detected via different techniques. The field of different



techniques is broad and is covering motor imagery, external stimulation (such as visual,

auditory and vibrotactile), error-related potential, hybrid and other techniques [1].

Table 2: Categorization of BCI-s as and corresponding techniques used to
obtain EEG data according to Al-Nafjan et al. [13] and Abiri et al. [1].

Technique used to ob-

Category tain EEG data

Description

Imagining of the movement of spe-
cific body part for example hands,
feet or tongue. The intent will affect
the brain activity and could be de-
tected from the EEG. The imagina-
tion activates the brain areas that are
responsible for generating the actual
movement.

The brain activity is affected by ex-
ternal visual stimulation and the cor-
responding altered EEG activity is
registered. For example in case of
steady-state visual evoked potential
(SSVEP) there are different visual
stimuli flickering at different fre-
guencies and depending on the di-
rection of the gaze of the subject the
EEG pattern will be consistent with
the specific flickering rate.

Auditory stimulation is generated
Auditory evoked and depending on the focus of the

potential subject corresponding EEG activity
IS registered.

Motor-imagery

Visual evoked
potential

Active

Physical vibrations at different fre-
guencies are generated for example
on the hands and feet of the subject.
Vibrotactile evoked Depending on the focus of the sub-

potential ject corresponding EEG pattern to
the specific physical vibration is reg-
istered and could be used to control
some external device.

) Imagination of words or sentences
Imagined speech that are recognized from EEG.

10



The error related potential is gener-
ated when there is mismatch be-
tween subject’s intentions and re-
sponse from the BCI application.
The technique can be used to correct
Error related potential tasks given by the subject. For ex-
ample when the subject is control-
ling cursor, but the cursor is moving
to wrong direction error related po-
tential is generated and the course of
the cursor can be corrected.

_ Monitoring dowsiness, attention,
Analyzing EEG spectral mental workload, emotions, concen-
changes tration and other states of the mind.

Passive

As per Pasqualotto et al. [15] and Machado et al. [27] BCI could be also categorized
depending whether BCI is dependent or independent of certain muscle movement. Padfield
et al. [2] have also categorized BCI as evoked or spontaneous. As per Nicolas-Alonso and
Gomez-Gil [28] BCI could be categorized synchronous or asynchronous. The overview con-
cerning additional different categorization of BCI-s in the literature and descriptions have
been presented in Table 3.

Dependent BCI-s require muscle control for example via gaze control. Independent
BCI on the other hand detect signals only based on changes in the brainwaves without re-
quired muscle movement [15], [27]. According to Padfield et al. [2] another possibility to
categorize BCI-s would be depending on whether external stimulation is required for the
functioning of the BCI or not dividing the systems into evoked when external stimulation is
needed and to spontaneous in case external stimulation is not needed. According to the
aforementioned categorization by Padfield et al. evoked systems include for example
steady-state visual evoked potential (SSVEP), where visual stimulation is received via flick-
ering at unique frequencies that causes corresponding changes in EEG when focusing on
specific stimulus at specific flickering frequency. According to this categorization sponta-
neous systems include for example motor-imagery technique, where external stimulation is
not needed and the changes in EEG patterns are generated via imagining movement of a
limb. Padfield et al. have noted that the categorization to evoked and spontaneous systems

has been also named by some authors as exogenous and endogenous.
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Table 3: Additional different categorization of the BCI-s in the literature.

Author BCI categorization Description

Dependent on muscles and periph-
eral nerves. As an example in case
Dependent of visual evoked potential (VEP)
gaze is directed by muscles to focus
on different visual stimuli.

Muscle movement is not needed in
order to control BCI. For example in
case P300 response is detected from
EEG and analyzed.

Also named as exogenous. Some
type of external stimulation required
such as visual, auditory or sensory.
Can be further divided to evoked po-
tentials and event related potentials.
Evoked In case of evoked potentials changes
in EEG can be detected due to re-
sponses to external stimuli. In case
Padfield et al. [2] of event related potentials the
changes in EEG are caused by sen-
sory or cognitive events.

Pasqualotto et al. [15]
Machado et al. [27]

Independent

Also named as endogenous. External
stimulation is not required. As an
example motor-imagery technique,

Spontaneous where subjects imagines movement
of a limb and there is no additional
input as external stimuli.

The BCI analyzes signals during
certain time windows and the sub-

Synchronous

ject is able to give commands after
fixed time intervals.

The brain waves of the subject are
analyzed constantly and the subject
can give commands whenever the
Asynchronous subject wants. Asynchronous BCI
gives the subject more possibilities
and flexibility concerning control-
ling the BCI.

Nicolas-Alonso and
Gomez-Gil [28]

An additional way to classify BCI-s is based also on the time when the signals from
the user are gathered by the BCI. The BCI-s could be therefore divided as synchronous and
asynchronous [28]. BCI is considered synchronous, when the information concerning the
brainwave status is gathered during specific time intervals. It means that the user can give

commands only at distinct timing and the brainwaves are not measured during other times.
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In case of asynchronous analysis the brain patterns are analyzed on ongoing basis and the

user is more flexible when giving commands to the system.

2.4 BCI applications

The BCI applications have been initially developed to help people with disabilities
to be able to communicate, control computers and use aiding equipment such as wheelchair
or robotic arm. One of the first BCI applications assisted individuals with speech anomalies
and the possibility of using BCI to develop prosthetic arms was considered as early as 1917
[1], [13]. The applications have been used by people suffering from locked-in syndrome or
amyotrophic lateral sclerosis (ALS) [1]. The applications have been applied also in case of
paralysis, amputations and loss of central nervous system functionality due to other reasons
[2]. BCI could be applied in order to enhance neuroplasticity [29] or develop wearable
lower-limb exoskeletons [30].

BCl applications could have wide range of possibilities for use in addition to medical
applications. EEG based BCI applications have been used in different fields stretching from
medical devices to BCI applications used for entertainment, art and many others [13], [20],
[22]. The applications for entertainment could include games designed for improving sub-
ject attention level or concentration level [20], but also control of drones and humanoid
robots [22].

In addition to medical devices helping people to cope with daily tasks promising
direction for BCI applications is the monitoring of brain activity in order to ensure the safety
at the workplace and in traffic. There have been studies developing devices to monitor the
alertness level of employees [31]. Additional aspect is the overall car traffic safety and
avoidance of driving fatigue and drowsiness during driving that could result in fatal acci-
dents [1]. BCI applications can be used for controlling smart home [32]-[35] or a car [9],
[36]. In the domain of non-medical applications the BCI could be also used for sport motor
skills improvement, acting skills improvement or surgical skills improvement [29].

The field of possible applications for EEG based BCI is vast and in development
with high pace. In the effort of developing better and more diverse BCI applications re-
searchers from many different disciplines such as neurobiology, rehabilitative engineering,
psychology, computer science, mathematics, medical physics and biomedical engineering

have joined efforts in order to address the needs of different subject populations [13].
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In order to better detect brain activity and improve the accuracy of BCI applications
additional methods for brain activity measuring could be used in addition to EEG. During
recent years work has been done in order to develop hybrid paradigm which could combine
two or more methods of detecting brainwaves. EEG could be combined with heart rate, eye
movements (EOG), hemodynamic signal recording through functional near-infrared spec-
troscopy (fNIRS) or functional magnetic resonance imaging (fMRI) [1], [37].

In the current study we have divided the BCI applications by application domain to
medical or non-medical applications and further divided the BCI applications within the
domains by fields. The medical domain contains the fields of assistive, communication,
monitoring, rehabilitation, assessment and other and the non-medical domain contains the
fields of monitoring, control machine, entertainment, assistive, authentication, communica-
tion and other.

The number of articles in the field of EEG-based BCI is increasing with higher vol-
ume of the articles published in respected journals such as Transactions on Neural Systems
and Rehabilitation Engineering (IEEE), Journal of Neural Engineering (IOPScience), Fron-
tiers in Human Neuroscience (Frontiers) and Biomedical Signal Processing and Control
(Elsevier). There is number of conferences in the field of BCl where high number of im-
portant studies on the EEG-based BCI applications have been presented such as Annual
International Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC), International IEEE/EMBS Conference on Neural Engineering (CNE), Interna-
tional Winter Workshop on Brain-Computer Interface (BCI), Annual International Confer-
ence of the IEEE Engineering in Medicine and Biology Society and International Confer-

ence on Neural Information Processing.
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3. Objectives

During the preparation of the systematic literature review concerning EEG-based
BCI applications, objectives were set for the study based on the general need for systematic
literature review on the topic. The systematic literature review was prepared based on three
databases PubMed, Web of Science and Scopus in order to obtain wide range of reliable
peer reviewed publications on EEG-based BCI applications [13], [14], [16]. After identifi-
cation of the publications and subsequent screening and eligibility process as per PRISMA
model 202 publications that passed eligibility process were included in the final analysis to
address the set objectives. Below have been listed the objectives set for conducting the sys-

tematic literature review.

The objectives of the systematic literature review on EEG-based BCI applications:

1. Determine the trends concerning publication of articles, conference proceedings and
overall number of publications on EEG based BCI applications from 2009 until
2019.

2. Analyze by regions and countries which regions and countries are in the forefront of
scientific progress concerning EEG based BCI applications and highlight the most
contributing authors on the topic.

3. Determine the proportion of scientific studies conducted on the topic in the medical
and non-medical domain and further analyze the distribution of the studies per ap-
plication field.

4. Give overview concerning the devices used for EEG signal collection and specify
the number of EEG channels used for obtaining the data.

5. Determine the techniques used for obtaining EEG data and give overview concern-
ing the trends in signal processing including feature extraction and classification

methods.
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4. Methods

The preparation of systematic literature review takes time and discipline as there
need to be principles to obey during the preparation process. When preparing for the sys-
tematic literature review, a number of examples of previous systematic literature reviews
conducted in various research topics were reviewed. Some of the literature reviews stood
out among the others for being more structured and well designed. As per best practice
PRISMA model has been used to guide the conduct of systematic literature reviews in many
fields of research [11], [38]. In addition to PRISMA model the guidance from Cochrane
Collaboration can be followed in order to prepare systematic literature review [12]. As the
PRISMA model has been developed together with the Cochrane Collaboration and with
wide number of experts in the field PRISMA model was selected as currently best collection
of principles which to use in order to conduct current systematic literature review on EEG-
based BCI applications. The PRISMA method has been developed by Moher et al. [11] and
has been used widely in conducting well organized systematic literature reviews in many
studies [13]-[16].

4.1 PRISMA model

In order to set general guidelines and increase the quality of systematic reviews and
meta-analyses Moher et al. [11] have developed set of 27 aspects that should be considered
when preparing systematic reviews and meta-analyses. The set of guidelines was developed
in 2009 and called PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses). The guidelines have been created based on previous version of the guidelines
from 1996 called QUOROM (QUality Of Reporting Of Meta-analyses). The PRISMA
model is unique in the way that the model has been developed throughout the years in col-
laboration with wide number of experts in the field. The model is voluntary to use, but over
170 journals worldwide endorse the use of PRISMA model for publishing systematic liter-

ature review [39].
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Table 4: PRISMA checklist for preparing systematic reviews based on Moher et al. [11].

Sub-topic Topic and sub-topic in —
number PRISMA checklist Description
Title
. Publication identified as systematic review,
1 Title .
meta-analysis or both.
Abstract
Provide structured summary including as
applicable: background, objectives, data
2 Structured summary sources, eligibility criteria, conclusions and
results.
Introduction
3 Rationale Describe the rationale for the publication.
4 Objectives Provide the questions being addressed in
the study.
Methods
Indicate if review protocol exists and if
5 Protocol and registration available. Provide registration information
and registration number in case available.
5 Eligibility criteria Spem_fy characteristics used as eligibility
criteria.
Describe the information sources where the
7 Information sources publications were obtained and date
searched.
Present electronic search strategy for at
8 Search least one database.
9 Study selection _State the process of _stl_Jd_y_ selection includ-
ing screening and eligibility.
. Describe the method of data extraction from
10 Data collection process -
the publications.
11 Data items List and define all variables for which data
were sought.
12 Risk of bias in individual studies Desc_:rlbe assessing risk of bias of individual
studies.
13 Summary measures State the summary measures.
14 Synthesis of the results Describe t.ht_e methods and of handllng data
and combining results of studies.
15 Risk of bias across the studies Smquw%%%mmyﬁﬁkmm%mm
may affect the cumulative evidence.
16 Additional analyses Describe methods of additional analyses (if

done).
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Results

Provide number of studies screened, as-

17 Study selection sessed for eligibility and included in the re-
view.,
18 Study characteristics Present the characteristics for which data

were extracted.

Data on risk of bias of each study, if availa-

19 Risk of bias within studies ble (see also item 12).

Present for each study simple summary data
20 Results of individual studies for each intervention group and effect esti-
mates (if applicable).

21 Synthesis of results Present results of each meta-analysis done.
99 Risk of bias across studies P_resent results o_f any assessment of risk of
bias across studies (see also item 15).
23 Additional analysis Give results of additional analyses, if done.
Discussion
24 Summary of evidence Summarize the main findings.
o5 Limitations Discuss I|m_|tat|ons_ at study and outcome
level (e.g. risk of bias).
. Provide general interpretation of the results
26 Conclusions LR
and implications for future research.
Funding
97 Funding Describe sources of funding for the system-

atic review.

The PRISMA model has been well accepted for preparing systematic reviews and
meta-analyses. The further updated material concerning PRISMA model is also stored the

PRISMA official web page http://www.prisma-statement.org/ and kept updated with addi-

tional comments and news. The overview concerning the PRISMA checklist for preparing

systematic reviews and meta-analyses has been presented in Table 4.

4.2 Information sources

The publications concerning EEG-based BCI applications can be found from high
number of different sources. In the frame of current study three well known databases Pub-

Med (https://pubmed.ncbi.nlm.nih.gov/), Scopus (https://www.scopus.com/) and Web of

Science (http://login.webofknowledge.com/) were selected to conduct the publication
search [13], [14], [16]. Search was conducted in the databases PubMed, Scopus and Web of
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Science using basic search settings with the below described search terms relevant for cur-

rent study.

The search was conducted in PubMed database on 20" of October 2019 with the
search term (,,electroencephalography based* OR ,,EEG based) AND (,,brain computer in-
terface* OR ,,BCI*“ OR ,,brain machine interface* OR ,,BMI*) AND (,,application* OR ,,ap-
plications*). The search resulted in 185 publications that were then included for further
screening. The search in the Web of Science database was conducted on 28" of October
2019 with the search term (,,electroencephalography based” OR ,,EEG based*) AND (,,brain
computer interface® OR ,,BCI*“ OR ,,brain machine interface* OR ,,BMI*“) AND (,,applica-
tion“ OR ,,applications) and the search in Web of Science database resulted in 451 publi-
cations. The search in the Scopus database was conducted on 30" of October 2019 using
search term (“electroencephalography based” OR “EEG based”) AND (“brain computer in-
terface” OR “BCI” OR “brain machine interface” OR “BMI”) AND (“application” OR “ap-
plications”’) and 569 publications were identified through the search for inclusion to further

screening.

During the identification of the publications via parallel searches in PubMed, Web
of Science and Scopus databases all together 1205 publications were listed. As the search
from three different databases resulted in number of duplicates that were represented in two
or more database searches the duplicates were removed and one unified listing of the publi-
cations created. After database searches and removal of duplicate publications the process
resulted in 635 publications for further analysis for screening and eligibility assessment. The

example concerning the details collected during screening has been shown in Table 5.

Table 5: Example of details collected during screening.

- | - | |- I - | - | |- I - | - | - I - I -

1 A EEG-based emotion rgYan Jianzhuo  |China Brain Informatics (Sprin EEG; Emoti|As an adv 2019|PubMed Scopus
2 Online home appliance {Kim Minju South Ko|Electronics (MDPI) Brain—com|Brain—co 2019 Scopus
3 An Asynchronous Hybrid Yu Yang China Transactions on Neural Brain comp|In this paj 2019 WoS Scopus
4 EConHand: A Wearable |Qin Zhun China International IEEE/EME ElectroencdBrain-Co 2019 WoS Scopus
5 Using EEG-based brain dJeunet Camille |France |Neurophysiologie Clinig ADHD; Brai|Many Bra| 2019|PubMed |WoS Scopus
631 |Towards ambulatory brjlotte Fabien |France |5th Advancesin CompyBrain-ComjBrain-Col 2009 Scopus
632 |P300 detection based of Chumerin Nikol, Belgium |Annual Conference on |Amyotroph|We propq 2009 WoS Scopus
633 | A feasibility study of nojWang Chuanchy Singaporq4th International IEEE/| Non-invasi|{ This pape 2009 WoS Scopus
634 |Interacting with the env|Cincotti Febo |Italy International Conferen|BCl; EEG; A|The brain 2009 WoS Scopus
635 |EEG-based classificatior|Zhou Jie USA Computers in Biology a|Electroencd The ultim 2009|PubMed |(WoS Scopus
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In the current review the amount of different studies reviewed was 635. The number
of studies included in the final analysis was 202. Due to high number of studies included in
the review the possible bias of individual studies was reduced to minimal. The high number
of studies involved gives more adequate overview concerning trends for the studies con-
ducted in the field. As per Roy et al. it is valuable to include in the review larger variety of
papers including non-peer reviewed papers in order to reduce possible bias that could be
introduced during peer-review process, such papers could include more unconventional re-

search ideas and increase the diversity of ideas [14].

4.3 Eligibility criteria

The further selection of the publications for the current study was based on pre-
determined eligibility criteria. The eligibility criteria were determined in order to filter rel-
evant publications concerning EEG-based BCI applications as per objectives of the study
for further analysis. The eligibility criteria were selected according to similar principles used
in previous review articles and articles following the PRISMA model [11], [13]-[16].

The following eligibility criteria were applied during review of the publications dur-

ing screening and eligibility assessment:

e Publications needed to be relatively current. In the further analysis publications
were included from the period between 2009 and 2019.

e Excluded meeting abstracts, book chapters, masters and doctoral dissertations

and non-English publications.

e Excluded non peer-reviewed journal articles and non peer-reviewed conference

proceedings.

During further review there was manual scan conducted for the titles, keywords and
abstracts of the publications. Publications were excluded that did not address the subject,
but rather mentioned the subject in passing in general. During the review 402 publications
were excluded that did not meet the eligibility criteria. The review resulted in 233 publica-

tions for further full text assessment of eligibility.
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Records identified through database searching.
PubMed: 185; Web of Science: 451; Scopus 569
(n=1205)

v

Records after duplicates removed
(n=635)

h 4

Records screened _ Records excluded
(n=635) " (n=402)
Y
: : Full text publications assessed for eligibility > Full text publications excluded
— (n=233) (n=31)
o -

‘ ‘
| Eligibility | | Screening | |Identification|

v

Publications included in analysis
(n=202)

[ir
Included

Figure 1: The flow of information during selection of studies
according to the PRISMA model.

During the full text review of 233 publications 31 publications were further excluded
not corresponding to the eligibility criteria. After all steps of publication selection per
PRISMA model, 202 publications were included in the final analysis [1]-[10], [13], [17]-
[27], [29]-[36], [40]-[211]. The overview concerning the process of identification, screen-
ing, assessing the eligibility and inclusion of the publications in the final analysis as per

PRISMA model has been shown in Figure 1.

4.4 Data items extracted from the publications

During the full review of the 202 publications included in the analysis 25 separate
data items were extracted from each publication. The 25 separate data items can be catego-
rized in 6 larger categories such as origin of the publication, publication summary, focus of

the publication, equipment used, signal processing and reproducibility. The extraction of the
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data items follows the PRISMA model for preparing systematic literature review and cate-
gorization of the data items extracted has been applied also by Roy et al. [14] during similar

preparation following the PRISMA model.

The category origin of the publication includes the journal or conference name, cor-
responding author, country and source for the publication. Category publication summary
includes the full title of the publication, abstract available for the publication, keywords,
type of publication and year published together with challenges and future possibilities cov-
ered in the publication. In the category focus of the publication there have been included
data items domain and field that have been used to determine the general focus of the pub-

lication and more specific field of application.

Table 6: Data items extracted for each article under analysis.

Category Data item Description

Name of the journal where the article was published
Journal or conference | or conference where conference proceeding pre-
name sented.

. Name of the corresponding author of the publication.
Origin of the | Corresponding author

publication - —— -
Location of the university of the corresponding au-
Country thor.
Source for the Database where the publication was located.
publication
Title of the publication | Full title of the publication.
Abstract Abstract available for the publication.
Keywords Keywords listed for the publication.
Type Type of publication (e.g. experimental, review).
Year published Year when the publication was published.
Publication Challenges mentioned in the publication concerning
summary Challenges the development of the application or in general on
the topic.

The possibilities for the future and way forward con-

Future possibilities cerning the application or in general on the topic.

Publication covering medical, non-medical or both

Domain domains.
Fo%ulg of_the Publication covering specific field under medical do-
publication Field main, non-medical domain or both domains (e.g. as-
sistive).
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Device used in the study for collecting EEG data.

Feature extraction type

) EEG device
Equipment
used Number of EEG Number of EEG channels applied in the study to
Signal acquisition Signal acquisition method.
) Techniques used for obtaining EEG data (e.g. visual
Technique evoked potential).
Pre-processing Pre-processing used in the study (e.g. filter).
Feature extraction Feature extraction method used in the study (e.g.
Signal method power spectral density).
processing

Feature extraction automatic or manual.

Transfer learning used

If transfer learning used in the study.

Machine learning used

If machine learning used in the study.

Machine learning
method

Machine learning method used in the study (e.g. lin-
ear discriminant analysis).

Reproducibility

Availability of dataset

Dataset used in the study and if dataset available.

Availability of code

Whether the code used in the study available and
where the code could be obtained.

Under the category equipment used there is listed EEG device and number of EEG

channels used in specific study. Concerning signal processing there was gathered infor-

mation covering signal acquisition method, technique used for obtaining EEG data, pre-

processing, feature extraction method and type, transfer learning and machine learning

method. In addition data concerning availability of the dataset and code was collected in

order to have overview concerning the reproducibility of the studies. The data items were

captured and stored in separate database for further analysis. The data items extracted from

the publications have been presented in detail in Table 6.
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5. Results

In this chapter the study results are analyzed. The results have been divided into 10
sections. In the first part of the chapter the sections cover the distribution of articles and
conference proceedings per year, publications per country, experimental publications per
year, publication distribution by domain and number of publications per author. The sections
in the second part of the of the chapter focus on EEG devices used, number of EEG channels
and on signal analysis in sections techniques used to obtain EEG data, feature extraction and

classification.

5.1 Articles and conference proceedings per year

During the period from 2009 until 2019 the overall number of articles and confer-
ence proceedings published per year has been gradually rising. In the beginning of the period
the total number of the publications has been 11-15 publications per year from 2009 until
2011. During the period from 2012 until 2016 there has been slight increase in the volume
of the publications to 16-19 publications when only in year 2014 there has been decrease to
10 publications per year. Significant increase can be noted from year 2017 onwards when
the number of publications per year has increase up to 32 publications per year in 2017.
Please see overview concerning the number of articles and conference proceedings per year
in Figure 2. As the search of the publications was conducted in the three databases during
the period from 20" October 2019 until 30" October 2019 the final number of publications

for 2019 could have additional slight increase.

The trend concerning increase in the overall number of publications per year has
been noted also by Al-Nafjan et al. [13] when analyzing the volume of EEG-based emotion
recognition publications. In the aforementioned article there has been shown rapid increase
in the overall number of publications on the topic from 2010 to 2016 and suggested that the
increase could be caused by increased knowledge of neurobiological processes, computers
with faster computational processing, greater availability of devices for recording brain sig-
nals and more powerful signal processing and machine learning algorithms. Increase in the
number of publications concerning EEG-based BCI-s has been also demonstrated by Hwang
et al. [99], where significant increase has been illustrated during the period from 2007 until
2011.
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Publications per year
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Figure 2: The number of publications per year.

It can be noted from figure 2. that during the period from 2009 until 2019 the overall
number of conference proceedings published concerning EEG-based BCI applications has
been higher than the number of articles published. Out of the 202 publications there has
been 117 conference proceedings (58% of the publications) and 85 articles (42% of the
publications). Although in the years from 2009 until 2016 the number of conference pro-
ceedings has been greater than the number of published articles (except for year 2014) trend
has been noted for recent years concerning the increase in the relative volume of the pub-

lished articles.

The reason why the proportion of articles has been increased over the recent years
could be the overall development of the technology making it more easy and efficient to
conduct the research on EEG-based BCI applications and inclusion of the topic more in the
articles. In the beginning of the period under current focus the higher variety and number of
publications was included in conference proceedings. This trend noted in the current study
illustrates the observation done by Roy et al. [14] noting that there would be more wide
variety of research ideas within different repositories and among different type of publica-
tions. The effect highlights the need to include in the literature review higher variety of
repositories and different type of publications in order to include objective coverage of the
research ideas on the topic and avoid possible publication bias.
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5.2 Publications per country

The distribution of the publications concerning EEG-based BCI applications were
further analyzed by countries. Out of the 202 publications analyzed highest number of pub-
lications on the topic has been published in China (39 publications). The other countries
where 10 publications or more have been published on the topic during the period from 2009
until 2019 are USA (23 publications), India (18 publications), Singapore (11 publications),
South Korea (11 publications) and Taiwan (10 publications). It is interesting to note that
among the 6 countries 5 of them are located in Asia. Similar results have been found also
by Hwang et al. [99] and Roy et al. [14] where USA and China have dominated as the
countries with highest number of publications on EEG-based BCI. The detailed overview

concerning the publications per country has been presented in Figure 3.

All together 37 different countries have contributed with publications on EEG-based
BCI applications within the time period reviewed. Highest number of countries have con-
tributed from Europe, where there have been publications from 18 different countries with
Germany and Italy contributing most (both 9 publications). From Asia there have been pub-
lications from 14 different countries, but the average number of publications per country is
significantly higher. As highlighted above most publications per county has been contrib-
uted by China. From North America publications have been contributed from three coun-
tries: USA, Canada and Mexico. In Australia 7 publications were published, but from South
America only in Brazil one publication has been published. It is interesting to note that no

publications were prepared from Africa.

As per region 111 publications (55%) have been contributed by Asia being firmly in
the leading role concerning number of studies published. In Europe all together 56 studies
(27%) have been published during the period. Asia and Europe are followed by North Amer-
ica by 27 publications (13%). The volume of scientific studies on EEG-based BCI applica-
tions is less important in Australia (4%) and South America (1%). No studies on the topic

were located from Africa for the period under review.
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5.3 Experimental publications per year

Among the experimental publications on EEG-based BCI applications non-medical
publications have contributed the majority of the experimental publications per year. Ex-
ceptional cases from the trend have been seen in 2009 and 2013 when more medical publi-
cations were published when compared to the number of non-medical publications per year.
Although in general there has been significantly higher number of non-medical publications
per year during the period under review during recent years the proportion of medical pub-

lications has risen reaching up to 36% of the publications.

During recent years the overall number of experimental publications has been sig-
nificantly increased from 8-15 publications per year during 2014 until 2016 to 19-25 publi-
cations per year during the period from 2017 until 2019. The trend of fast increase in the
overall number of publications on EEG-based BCI applications can be seen also from
Hwang et al. [99] and the distinctively higher number of non-medical publications per year
when compared to medical publications has been highlighted by Al-Nafjan et al. [13] con-

cerning EEG-based BCI for emotion recognition.

Experimental publications per year
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Figure 4: Experimental publications per year.
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Through the period analyzed there has been published 99 publications (58% of the
publications) in the non-medical domain and 53 publications (31% of the publications) in
the medical domain. In 19 cases (11% of the publications) the publications cover both do-
mains. During interpretation of the results it should be also noted that as the database search
was conducted during the period from 20" October 2019 until 30" October 2019 the final
number of publications for 2019 could have additional slight increase. Please see the over-

view concerning the number of experimental publications per year in Figure 4.

Although initially the EEG-based BCI applications were mainly developed for med-
ical reasons to help patients to communicate, grasp objects, move around and support in
other daily activities the focus has been moving from medical domain also to non-medical
applications. The shift in the focus does not reduce the importance of these applications in
the medical domain but rather shows the wider potential of EEG-based BCI applications

and opens new doors for applying the possibilities wider.

5.4 Publication distribution by domain

Among the publications published within the period from 2009 to 2019 there were
58% of the publications (99 publications) from non-medical domain. In previous study con-
ducted by Al-Nafjan et al. analyzing the EEG-based BCI applications for emotion recogni-
tion it was also found that the majority of the studies (77%) were studies within the non-

medical domain [13].

In the overall number of publications analyzed 31% of the publications (53 publica-
tions) are from the medical domain and the in the additional 11% of the publications (19
publications) both domains have been included. Please see the distribution of the publica-
tions per domain in Figure 5. Similar prevalence of publications in medical domain has been
determined by Al-Nafjan et al. [13] where 23% of the publications were located in the med-

ical domain.
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Figure 5: Distribution of publications per domain.

The publications located in the medical domain could be further divided based on
the type of applications into fields such as assistive, communications, monitoring, rehabili-
tation, assessment and other. Within medical domain the field covering assistive applica-
tions is the largest contributing 62% of the publications in the domain. The assistive field
includes studies on robotic arm movement in medical setting [3], lower-limb prosthesis
control [153] and intelligent wheelchair driving system [4]. The next important fields in
the medical domain are communication, monitoring and rehabilitation covering 11%, 10%

and 9% of the publications in the medical domain respectively.

The communication field contains applications for example for communication of
patients in completely locked-in-state [5], [6], but also other applications enhancing the
communication possibilities. The publications concerning monitoring include possibility
of detecting seizure [170], and monitoring emotional changes in patients [45]. Among
studies analyzing possibilities for rehabilitation there is important role for the studies sup-
porting the rehabilitation of stroke patients [72], [180], [208]. The fields assessment and
other cover all together 8% of the publications in the medical domain both contributing
4% of the publications in the domain.

The prevalence of different fields in the medical domain differ when compared to

previous work of Al-Nafjan et al. [13], as the most popular fields in this domain were then
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assessment and monitoring. The difference would be explained by the difference in the
scope of the studies where in previous case the focus was on emotion recognition based on
EEG-based BCI, but in current study we focus on EEG- based BCI applications in general.
The overview concerning the publications in the medical domain has been presented in
Figure 6.

Publications in medical domain

m Assistive  ® Communication = Monitoring Rehabilitation m Assessment m Other

Figure 6: Distribution of publications in medical domain.

The largest field in the non-medical domain is monitoring contributing 50% of the
articles in the non-medical domain. Additional two largest fields are control machine and
entertainment contributing 17% and 16% of the publications respectively. Smaller cover-
age in the non-medical domain is by the publications in the field of assistive applications,
authentication and communication each covering 2% of the publications. Different other
types of publications cover the rest of 11% of the publications in the domain. When com-
pared to previous similar studies Al-Nafjan et al. [13] has also noted that the majority of
the publications in the non-medical domain concerning EEG-based BCI for emotion
recognition has contributed to the monitoring field. The overview concerning the publica-
tions in the non-medical domain has been presented in Figure 7.

In the monitoring field there have been included all together 49 publications. The
studies cover for example mental fatigue estimation [7], emotion recognition [23] and
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detecting meditation [18]. In the control machine field have been included the applications
that able people to control via EEG different machines in their daily environment to make
the life easier. These applications can be used for example for home appliance and smart
home control [32], [33] or robotic systems [40]. EEG-based BCI applications are also used
for entertainment such as live brain-computer cinema performance [211], driving car in a
virtual city [9] or recommendations for music based on person”s mood [10]. Other applica-
tions include user authentication using visual stimuli of geometric shapes [8], messenger
for smartphones [103], age and gender prediction [109] and other various possibilities.

Publications in non-medical domain

= Monitoring ® Control machine = Entertainment Assistive

m Authentication = Communication = Other

Figure 7: Distribution of publications in non-medical domain.

In smaller number of the publications both medical and non-medical domains have
been covered. The domain has been further divided into fields communication, framework,
assistive, control machine, monitoring and other as per type of publications. The details
concerning distribution of publications covering both domains have been illustrated in Fig-
ure 8. Among studies covering both medical and non-medical field there is in 26% of the
cases publications covering communication such as detection of imagined speech and clas-
sification of unspoken words from EEG signals [86], [87]. There are also 21% of the studies
concerning framework such as developing new framework for practical BClI communication

development [59].
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Publications covering both domains
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Figure 8: Distribution of publications covering both domains.

Assistive applications covering 16% of the studies include for example the control
of robotic arms movement [52] and studies in the field of control machine covering also
16% of the studies include research for example on controlling a car in an experimental
environment outside laboratory [36]. Additional studies have been focused on monitoring
such as detection of kinesthetic attention [145]. Other fields covering for example develop-
ment of serious games that could be used in entertainment, e-learning or medical applica-
tions [181].

5.5 Number of publications per author

The most productive authors concerning number of publications have been Abeer
Al-Nafjan, Sravanth Ramakuri and Olga Sourina each publishing 3 publications as corre-
sponding authors during the period from 2009 until 2019. Abeer Al-Nafjan (Imam Muham-
mad bin Saud University, Saudi Arabia) has published mainly experimental studies on clas-
sification of human emotions and monitoring emotional changes [45], [46] but has also pub-
lished good systematic review concerning emotion recognition based on EEG-based BCI
[13].
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Number of publications per author

Zioga, Polina 2
Yu, Yang 2
Yin, linghai 2
Xiao, Jun 2
Wei, Chun-5hu 2
Wang, Qiang 2
Penaloza, Christian I. 2
Melinscak, Filip 2
E Liu, Dong 2
5 Lin, Jzau-Sheng 2
5 Lin, Chin-Teng 2
§ Liao, Lun-De 2
© Hwang, Han-leong 2
g Holzner, Clemens 2
3 Guger, Christoph 2
Fatima, Mashal 2
Cincotti, Febo 2
Chumerin, Nikolay 2
Bhattacharyya, Saugat 2
Arico, Pietro 2

Sourina, Olga 3

Ramakuri, Sravanth 3

Al-Nafjan, Abeer 3

0 1 2 3 4

MNumber of publications

Figure 9: Number of publications per author.

Sravanth Ramakuri (Birla Institute of Technology, India) has published mainly ex-
perimental publications for example on human attention in the medical domain [17], [162]
but has also published review article on behaviour state analysis through EEG-based BCI
[20]. Olga Sourina (Nanyang Technological University, Singapore) has published on per-
sonalized digital experience, brain state and emotion recognition via BCI applications
[173]-[175]. There are also 20 different authors who have published 2 publications as first
authors on EEG-based BCI applications during the period. The detailed overview concern-

ing the number of publications per author has been presented in Figure 9.

5.6 EEG devices used

Among studies analyzing EEG-based BCI applications most commonly used EEG
devices are Emotiv EPOC from Emotiv, Quik-Cap from Compumedics Neuroscan and
MindWave from NeuroSky. All together these three devices cover 57% of the publications
on the topic. The most common EEG device Emotiv EPOC has been used in 40% of the
publications analyzed when the prevalence of other popular EEG devices Quik-Cap and
MindWave was 9% and 8% respectively. The high prevalence of Emotiv EPOC and Quik-
Cap use among studies analyzing EEG-based BCI applications for emotion recognition has
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been noted also by Al-Nafjan et al. [13] and in general for EEG equipment by Roy et al.
[14].

The most common EEG devices (Emotiv EPOC, Quik-Cap, MindWave) are all man-
ufactured in USA. Other EEG devices used in the studies have been manufactured also in
Germany (Easycap, actiCAP), Netherlands (Active Two), Spain (Enobio) and UK
(MyndPlay BrainBandXL). The details of different EEG devices used, number of publica-

tions and percentage of publications covered has been shown in Table 7.

Table 7: EEG devices used in the publications.

EEG device Number of publications Percentage

Emotiv EPOC (Emotiv, USA) 40%
Quik-Cap (Compumedics Neuroscan, USA) 9%
MindWave (NeuroSky, USA) 8%
Electrodes 5%
Easycap (Easycap GmbH, Germany) 4%
actiCAP (Brain Products GmbH, Germany) 3%
Active Two (Biosemi, Netherlands) 3%
Enobio (Neuroelectrics, Spain) 3%
MyndPlay BrainBandXL (MyndPlay, UK) 3%
Other 22%
Multiple devices 1%

—_ L%}
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Emotiv EPOC and MindWave are considered to be low-cost consumer EEG devices
when Quik-Cap is more expensive to purchase [14]. When Emotiv EPOC EEG device has
14 channels and MindWave 1 channel the Quik-Cap EEG device uses 32 channels. The
cause of the general popularity of Emotiv EPOC EEG device would be due to the relative
low cost of the device, sufficient number of EEG channels and the device considered easy
to use. MindWave EEG device has limitations for use due to limited number of EEG chan-
nels, but the low cost and ease to use make the device still popular. The device could be
applied in specific applications that do not require higher number of EEG channels. The
Quik-Cap device on the other hand is more expensive, but has the advantage of higher num-
ber of EEG channels. The final decision concerning the use of specific EEG device depends
on the type of EEG-based BCI application determining the need for specific number of EEG
channels. The decision depends also on the cost planned for the study and devices for the

end users.
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5.7 Number of EEG channels

Among the studies analyzed the number of EEG channels used varies in large range.
The highest number of EEG channels used was 163 by Zhou et al. for EEG-based classifi-
cation of elbow versus shoulder torque intentions [208]. All together there were 5 studies
(3% of studies) where more than 100 EEG channels were used indicating that the use of this
high number of EEG channels is rather exceptional. Majority of the studies (64% of studies)
involve 1-20 EEG channels, where 34% of the studies involve 1-10 EEG channels and 30%
of the studies 11-20 EEG channels. There is also significant number of studies involving
21-40 EEG channels and 11 studies conducted with 61-70 EEG channels. The detailed over-
view concerning the number of EEG channels used in the studies has been given in Figure
10.
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Figure 10: Number of EEG channels used in the publications.

Previously Roy et al. [14] have found that for obtaining EEG signals 1 to 256 elec-
trodes have been used with half of the studies using between 8 to 62 electrodes. It was
thought that very high number of electrodes does not give added value to the studies, more
important is the exact location of smaller number of electrodes. In the article it was found
that concerning the number of electrodes there is significant increase in sensitivity and spec-
ificity when increasing the number of channels up to 22, but further increase in the number

of EEG channels would not give similar advantage.
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Al-Nafjan et al. [13] have also concluded that the majority of studies use up to 64
channels for obtaining EEG data. In the study above by Al-Nafjan et al. it has been empha-
sized that when planning the use of specific number of EEG channels it is important to
consider also the time required for the system setup, the comfort level for the subject and
the number of features to be processed. When planning studies or developing applications
for users it would be important to select the electrode positions carefully and limit the num-
ber of EEG channels used. Limited number of carefully selected electrode positions would

make the future devices more user friendly and optimize the system performance.

5.8 Technique used to obtain EEG data

In the publications variety of techniques are used for the interaction between brain
and computer in BCI applications. The most popular techniques include motor-imagery par-
adigm (applied in 38 publications), visual evoked potential paradigm (applied in 31 publi-
cations) and monitoring drowsiness/ attention (applied in 29 publications) or emotions/ af-
fective states (applied in 15 publications). The overview concerning the prevalence of dif-
ferent techniques has been shown in Table 8. These techniques have been used all together

in 73% of the publications reviewed where the technique used was stated.

Table 8: Techniques used in the publications.

Techniqune Number of publications| Medical domain |Non-medical domain Both domains
Motor-imagery 38 62% 24% 14%
Visual evoked potential 31 23% 61% 16%
Monitoring drowsiness/ attention 29 8% §8% 4%
Monitoring emotions/ affective states 15 7% 93% 0%
Auditory evoked potential 7 57% 43% 0%
Monitoring concentration 6 17% 50% 33%
Monitoring mental workload 4 0% 100% 0%
Vibrotactile evoked potential 3 100% 0% 0%
Imagined speech 2 0% 0% 100%
Error-related potential 2 0% 50% 50%
Multiple techniques 18 22% 67% 11%

Among the publications applying motor-imagery paradigm there were 62% of the
publications in medical domain and 24% of the publications in non-medical domain. In ad-
dition to the aforementioned 14% of the publications covered both domain in one publica-

tion. Among the medical domain there are innovative applications such as EConHand [161],
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neuro-rehabilitation using virtual reality feedback [106] and intelligent brain-controlled ro-

botic limbs [156], applying the motor-imagery paradigm.

In the visual evoked potential paradigm non-medical domain is dominant as 61% of
the publications reviewed where the technique used was stated applied this technique. In the
medical domain the prevalence of this type of technique used was 23% and both domains
were included in 16% of the cases. Visual evoked potential paradigm is widespread among
BCl applications as it has been long used and tested in high number of previous studies. The
visual evoked potential paradigm involves also visual P300 paradigm and steady state visual
evoked potential paradigm [1]. Among the most interesting applications of the aforemen-
tioned technique in the non-medical domain could be considered deceit identification test
[76], use of EEG-based BCI devices to subliminally probe for information [84] and authen-
tication based on emotionally significant images [164].

There is high popularity for monitoring the mind for drowsiness/ attention or emo-
tions/ affective states. Both techniques use the analysis of changes in the EEG spectrum to
determine the states and changes in one’s mind. The vast majority of the publications con-
cerning drowsiness/ attention (88%) or emotions/ affective states (93%) are categorized in
the non-medical domain. The monitoring of drowsiness/ attention based on EEG spectral
changes has high practical value as there are number of studies implementing the technique
in order to create helmet for on-site workers for drowsiness detection [31], predicting driver
fatigue [132] or implementing EEG-based attention feedback in order to improve focus in

e-learning [169].

The other techniques used in the publications are applied less frequently, but there
is general trend noted in the overall use of various techniques. As in case of motor-imagery,
auditory evoked potential and vibrotactile evoked potential technique the main application
is in the medical domain, but the majority and larger variety of techniques are applied in
non-medical domain. The trend indicates the high potential of non-medical applications for
the EEG-based BCI applications. When taking into consideration that the majority of gen-
eral population apply for non-medical domain vast number of people could benefit from this

type of applications in the future.
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5.9 Feature extraction

The feature extraction is an important processing step in order to extract the relevant
details from the wide range of signals collected during obtaining the EEG data. In previous
studies high number of different methods have been used for feature extraction. According
to Al-Nafjan et al. [13] the feature extraction step is one of the major challenges in BCI
systems and the technique is not optimal across different applications. The overview con-
cerning the prevalence of different methods for feature extraction among the studies inves-

tigating EEG-based BCI applications has been presented in Table 9.

Table 9: Feature extraction used in the publications.

Feature extraction Number of publications Percentage
Power spectral density 23 18%
Fourier transform 20 16%
Common spatial pattern 18 14%
Wavelet transform 8 6%
Fractal dimension 7 6%
Independent component analysis 7 6%
Principal component analysis 7 6%
Autoregressive modeling 4 3%
Canonical correlation analysis 3 2%
Genetic algorithm 3 2%
Statistical features 3 2%
Other 10 8%
Multiple methods 13 10%

Among the studies reviewed the most frequently for the feature extraction were used
analysis of power spectral density (used in 23 publications), Fourier transform (used in 20
publications) or the analysis of common spatial pattern (used in 18 publications). All to-
gether the aforementioned publications contribute to 48% of the publications reviewed. The
results are similar to previous work from Al-Nafjan et al. [13] where it was shown that
power spectral density and Fourier transform have been most frequently used for feature

extraction in the studies to classify emotional features from EEG.

Other methods for feature extraction are used less frequently, but in many cases dif-
ferent feature extraction methods are used within one study. Similar general prevalence con-
cerning the use of power spectral density and use of different feature extraction methods

within studies has been noted by Al-Nafjan et al. [46], for analyzing human emotions from
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EEG, Padfield et al. [2] when analyzing EEG-based BCI interfaces using motor-imagery
technique and Sourina et al. [175] for real-time brain state recognition from EEG. The over-
all results correlate with previous studies in the field highlighting the importance of analyz-
ing power spectral density, the use of Fourier transform and common spatial pattern for
feature extraction and emphasizing the need to apply different types of feature extraction

methods depending on the application under study.

5.10 Classification

During the classification different machine learning algorithms have been used in
previous studies for EEG-based BCI applications. The most common machine learning al-
gorithms used have been linear discriminant analysis and support vector machine that have
been applied all together in 52% of the studies. When other machine learning algorithms
have the coverage of 2-5% from all of the methods linear discriminant analysis has been

applied in 31% of the cases and support vector machine in 21% of the studies.

Linear discriminant analysis has been characterized as simple classifier with low
computation requirements and acceptable accuracy, support vector machine is a speedy clas-
sifier that supports binary and multi-class method and can perform linear and nonlinear
modes [120]. Other methods applied in EEG-based BCI applications have been machine
learning algorithms such as convolutional neural network, naive Bayes and random forest
that contribute for 4-5% of the cases and artificial neural network, deep neural network,
Gaussian mixed model and k-nearest neighbors that contribute for 2-3% of the cases. The

overview concerning the classification methods has been given in Table 10.

Table 10: Classification used in the publications.

Classification Number of publications Percentage
Linear discriminant analysis 35 31%
Support vector machine 24 21%
Convolutional neural network 5 4%
Naive Bayes 4 4%
Random forest 4 4%
Artificial neural network 3 3%
Deep neural network 3 3%
Gaussian mixed model 2 2%
k-nearest neighbors 2 2%
Other 13 11%
Multiple methods 19 17%
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The results of the current study are in correlation also with previous studies where
Al-Nafjan et al. [13] have shown that the use of support vector machine is also one of the
most popular method used for classification for EEG-based BCI systems for emotion recog-
nition. According to aforementioned article the choice for classification algorithm depends
on the type of brain signal being recorded and the type of application that is being controlled.
Wide use of linear discriminant analysis and support vector machine for classification has

been shown also by Padfield et al. [2] for EEG-based BCI-s using motor-imagery.
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6. Discussion

In the first part of the chapter the trends in the publications concerning EEG-based
BCI applications are discussed. In the second part of the chapter the current challenges hin-
dering the development of the applications are highlighted and discussed to pinpoint the
aspects that could need further effort in the future to resolve. In the last part of the chapter
future possibilities are discussed in order to focus on the potential of the EEG-based BCI
applications research field and the opportunities ahead. It is important to take into account
the current trends, challenges and future possibilities in order to have better vision concern-
ing the dynamics of the research field and better decisions for future development.

6.1 Trends in the publications

The current study has been divided into subsections based on the different aspects
analyzed. The overall analysis starts with general overview of the articles and conference
proceedings per year. It is seen that the overall number of articles and conference proceed-
ings per year has been increasing. The increase in both articles and conference proceedings
has been supported by the development of the technology making it easier to conduct re-
search in the field of EEG-based BCI.

In the current study there have been included both articles and conference proceed-
ings in order to reduce the possible effect of publication bias. It has been noted by Roy et
al. [14] that higher variety of ideas are represented within different repositories and among
different types of publications. It has been noted also in the current study that during the
beginning of the period under review from 2009 there has been higher number of publica-
tions in the field of EEG-based BCI published as conference proceedings and over time the
prevalence of articles has increased. The inclusion of both articles and conference proceed-
ings in the analysis gives better representation of the ideas on the field throughout the period

and helps to reduce any publication bias.

It is important to note that the majority of the publications (55%) contributed within
the time period from 2009 to 2019 have been published in Asia. The most productive authors
in the field of EEG-based BCI have been through the period Abeer Al-Nafjan from Saudi
Arabia, Sravanth Ramakuri from India and Olga Sourina from Singapore. Asia has been in
the lead role with most of the publications contributed per country by China. This is relevant
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finding as China has increasing influence in general in high technology sector and EEG-
based BCI could be one important field of research resulting in high variety of high tech-
nology applications designed for many different fields of life both medical and non-medical.
The high potential of EEG-based BCI applications and diverse possibilities for use could
support in the future the economic strength of the countries and regions investing in the
development and research in the field. In Europe all together 27% of the publications have
been published followed by North-America with 13%. Among different regions of the world
only from Africa no studies were published during the period under review.

The EEG-based BCI applications can be divided in two main categories medical and
non-medical. Although the development of BCI applications has started historically from
medical applications to support the communication and movement of patients in need the
focus has spread among both medical and non-medical domains. With the development of
the technology, reduction in cost and increase in comfortability of use the EEG-based BCI
applications gain more and more attention in non-medical domain. In the non-medical do-
main applications have been developed for monitoring different states of the mind such as
drowsiness on workplace or concentration during different tasks. Applications have devel-
oped in order to control machines and make people more efficient, for entertainment and
many other tasks. EEG-based BCI applications have high variety of applications in both
medical and non-medical domains with even higher potential nowadays in non-medical do-

main due to high number of potential users around the world.

Concerning technical aspects, the most commonly used EEG devices used for the
BCI applications have been Emotiv EPOC from Emotiv, Quik-Cap from Compumedics
Neuroscan and MindWave from NeuroSky. The three most common devices have been used
all together in 57% of the publications, but Emotiv EPOC stands out from the three with
prevalence of 40% among all publications on the topic. It is important to note that all three
devices are manufactured in USA describing the importance of USA providing suitable

equipment for the research in the field.

Among the studies under review 64% of them have applied 1-20 EEG channels.
More specifically 34% of the studies have applied 1-10 EEG channels and 30% of the stud-
ies 11-20 EEG channels. The decision which EEG device to use and the number of EEG
channels depends on the type of EEG-based BCI application. It has been found that overall
high number of electrodes does not give added value, more important is the location of

smaller number of electrodes [14]. When planning the selection of EEG device and number
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of channels it is important to consider the end users for the EEG-based BCI application that
determines the technical requirements and possible cost of the device. Smaller number of
carefully selected electrode positions would also make the device more user friendly and
support performance of the system.

There is high number of possible techniques to use in order to obtain EEG data. The
most popular techniques involve motor-imagery paradigm, visual evoked potential para-
digm and monitoring drowsiness/ attention or emotions/ affective states via spectral changes
in EEG. It is interesting to note that within the motor-imagery paradigm the majority of the
publications have been in the medical domain whereas for other popular techniques majority
of the applications have been created for non-medical purpose. The selection of the specific
technique for obtaining EEG data is also highly dependent on the specific BCI application.
As seen from the results of the current study highly diverse selection of techniques has been
applied in the non-medical field supporting further the development of diverse applications

in the non-medical field.

When selecting suitable technique for obtaining EEG data for specific BCI applica-
tion one needs to also consider the most suitable method for feature extraction and classifi-
cation. Overall there has been used most frequently analysis of power spectral density, Fou-
rier transform or the analysis of common spatial pattern. During the classification most often
linear discriminant analysis and support vector machine have been applied. Linear discrimi-
nant analysis is a simple classifier with low computation requirements, but acceptable accu-
racy, support vector machine has been characterized as a popular speedy classifier [120].
The prevalence of feature extraction and classification methods in the study corresponds to
previous work by Al-Nafjan et al. [13], [46], Padfield et al. [2] and Sourina et al. [175]. The
specific selection of the suitable method for feature extraction as well as for classification

depends on the specific brain signal to be recorded and application under study.

6.2 Challenges

In the field of EEG-based BCI applications there is number of challenges hindering
the development of the applications that would need to be addressed during further studies.
It is important to acknowledge these aspects in order to find solutions or alternatives as

needed. There are also many opportunities in the field to be used in the future and this is
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also important aspect to highlight and share ideas among researchers. The field has high
potential and limitless possibilities. Sharing of new ideas and possibilities for the future
facilitates further development of high variety of applications in the field of EEG-based BCI
applications.

The challenges for the BCI applications could be divided as technology related or
user related, where technology related challenges comprise of technical aspects and the us-
ability of the system and the user related contain the aspects of person to learn to use the
BCl application and subjectiveness of the person to interpret the cues given and generate or
alter EEG signals required [13]. Padfield et al. [2] has categorized the possible challenges
also as challenges faced in the research and development, challenges impeding commercial-
ization, flawed testing process, issues with BCI use and ethical issues. The categorizations
could be also combined and distinguish different technology related and user related chal-

lenges under the five categories proposed by Padfield et al. [2].

Concerning challenges the major aspect would be the current reliability of the BCI
system in everyday noisy environments [88]. This hindrance affects both medical and non-
medical applications, but higher effect is for the non-medical applications due to wider use
outside of controlled environment. The effect on non-medical applications is also significant
as the possible use of the EEG-based BCI applications in the non-medical domain would
have even wider and number of users higher when compared to the applications used in the

medical domain.

In the medical domain the challenges include in the assistive field low recognition
rate for mental commands [156], problems with the signal acquisition equipment reliability
and training process [21]. The character of the brain signals and the amplitude varies be-
tween persons which makes it also more difficult to develop BCI application well suitable
to all patients [22]. The work on separating specific EEG signals from other signals [212]
and the hindrances concerning the aspect of cross-subject classification [213] and accuracy
of interpreting the commands [214] is ongoing. Authors agree that one of the important
aspects is also the low throughput of information which may be limiting factor to some
applications [21], [156]. The challenge of the low accuracy of the system has been experi-
enced also in the field of monitoring emotional responses [159]. In the rehabilitation field
the complexity of the system setup, expensiveness of the devices has been noted [161]. In
neuro rehabilitation it has been highlighted that the therapeutic methods are hard to measure

and the repetitiveness could be demotivating [106].
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Concerning applications in the field of communication for patients it has been noted
that the accurate classification of EEG signals has been hindered by the noise in the signals
and low correlation detected between the signals and brain activities [207]. Depending on
the language used the language itself could impose complications in the example Chinese
Hanzi as the language contains more than 11000 characters which are difficult to display

for the patient during the use of the potential BCI application [201].

In the non-medical domain for monitoring it has been emphasized that the conven-
ience of the EEG device needs to be increase for the long-term wearing comfort [188]. There
have been created for this reason also alternative devices to increase for example the user-
friendliness of the devices meant to measure the drowsiness at work [31]. During detection
of human emotions the hinderance could be the ambiguity of human emotions and the com-
plexity of EEG signals [198]. There have been also conducted research on closed-loop in-
teractions of human emotions with emotional stimuli for example in the case of music in-
terface which complicates the system setup further [79]. In the field of entertainment it has
been emphasized that the seamless interaction between user and the device is of utter im-
portance and of main concern [110]. In addition to aforementioned constraints concerning
signal quality and difficulty interpreting the actual commands and intentions BCI illiteracy
has been also found as important aspect to consider. It has been estimated that approximately
20% of the BCI users are not able to operate the BCI application due to BCI illiteracy and
additional significant proportion of the users use the system with suboptimal performance
[157]. It would be important to further investigate the reasons behind the BCl illiteracy in

order to determine possible solutions to overcome the hindrance.

Both medical and non-medical domain are affected by potential ethical issues in the
EEG-based BCI applications filed of research. It would need to be determined for example
who would be liable in case of any accidents during the use of BCI applications or could the
applications affect for example user’s mood and therefore affect user’s decision making in
wider sense [2]. It has been shown that under certain circumstances it would be possible to
probe subliminally private information from the users using EEG-based BCI devices [84].
These aspects would need to be considered and the users notified concerning the possible

risks and responsibilities.

With the widespread use of the devices the safety on individual and community level
would need to be further analyzed. Nowadays it has been unfortunately common that due to

security breaches malicious software has infiltrated to computer networks on high security
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level. This needs to be taken into consideration taken into account the sensitivity of the
biomedical information obtained from the BCI device and also the potential possibility to
alter the brain signals for example via neurofeedback. It has been hypothesized that for ex-
ample the influence of the application on user’s mood could be used to alter user’s decision
making for marketing or political agendas [2]. As the field of EEG-based BCI is quickly
developing the ethical aspects would need to be analyzed and safeguarded in parallel with

the development of the technology.

6.3 Future possibilities

With each new technology there are obstacles to overcome that could be achieved
over time. Despite of the challenges faced in the field of EEG-based BCI applications there
are many new possibilities for the future. In an ideal situation the EEG-based BCI applica-
tion should be comfortable to use for longer period of time with seamless ease and function
successfully in a noisy environment. The application should function well with different
users without prior training. There is a way ahead to achieve these goals and for different
EEG-based BCI applications the challenges and possibilities are different. Currently great
progress has been made in order to increase the user-friendliness and breadth of use of the
EEG-based BCI applications and bring them into our daily lives, but the full potential of the

research field could be beyond our current imagination.

It has been suggested that in order to make the EEG-based BCI applications more
accurate and efficient hybrid BCI systems should be developed that combine BCI system
with another BCI or other kind of interface [2]. In addition to the use of only EEG for ob-
taining the biological signals other methods could be used to support the strength and quality
of the signals such as fNIRS or fMRI [22]. Barrios et al. [37] has also suggested that com-
bining fMRI with EEG could overcome significant limitations that are present with the use
of EEG alone. Padfield et al. [2] has suggested to combine in hybrid BCI also different
approaches using EEG such as motor-imagery system together with steady-state visually
evoked potential as training aid or approaches combining different methods such as fNIRS
combined with motor-imagery EEG or motor-imagery EEG combined with sensory inter-

face.

In the medical domain the BCI could be used to control variety of assistive robotic
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devices. There has been developed EEG-based BCI applications for controlling wheelchairs
[4], [195] and research has been done concerning of developing robotic limbs [156]. Further
research could be done in order to apply also humanoid robots and drones for the support of
daily activities for the patients [22].

It has been further suggested to use virtual reality in neuro rehabilitation, where mo-
tor-imagery BCI virtual reality systems could be used for real time applications for stroke
rehabilitation to increase motivation of the patient during the rehabilitation process [106].
The monitoring of EEG could be used to enhance speech therapy sessions for people who
stutter providing real-time visualization of the brain and insights concerning the brain activ-
ity during the sessions [45]. Jeunet et al. [29] have suggested BCI neurofeedback for the
reducing hypokinetic activity in case of stroke and reducing hyperkinetic activity in case of
attention deficit hyperactivity disorder (ADHD).

According to Abiri et al. [1] neurofeedback has been considered as one of the prom-
ising future directions for the EEG-based BCI applications. It is a process where the subject
learns to self-regulate brainwaves in order to improve possible different aspects of the cog-
nitive control. Abiri et al. have highlighted in the aforementioned work that neurofeedback
has the potential to replace medications, alleviate neural diseases such as migraine, assist
the treatment of persons with addiction, obesity, autism and astma or help patients suffering
from ADHD, anxiety, epilepsy, Alzheimer’s disease, traumatic brain injury and post-trau-
matic stress disorder.

In non-medical domain there is high potential for the EEG-based BCI applications
monitoring cognitive load, attention, drowsiness and other aspects of the mind. Monitoring
cognitive load has been studied by Friedman et al. for intelligence tests, but measuring cog-
nitive load could be used also to better design and conduct e-learning, psychometric exams,
military training and other trainings [85]. It is important to analyze how the brain is involved
in the tasks given and whether the tasks would be too hard or too easy for the participant to
solve. Monitoring of the cognitive load could be used to adapt the difficulty or intensity of
the training based on the subject in order the subject could apply optimal effort. In case the
tasks would be too difficult the subject would not understand and learn and in case the tasks
would be too easy the subject would be bored and the learning would be also suboptimal.
Monitoring cognitive load could be also used for assessment to see how difficult would be
certain task for different individuals.
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There have been published several studies on monitoring attention via EEG-based
BCI applications [17], [148], [169]. The level of attention is essential both in the learning
process and during tasks with high responsibility. Sethi et al. [169] have developed EEG-
based attention feedback to improve focus in e-learning, but the principles could be also
applied for drivers to test their reflexes and attentiveness and for driving instructors to assess
the capability of the drivers. The monitoring of attention level could be also used to correlate
stress with attention level and creativity with attention level. According to Sethi et al. [169]
for example optimal stress level can boost attention and with the help of monitoring attention
optimal stress level could be determined when the attention level for the individual would
be highest.

Drowsiness and fatigue detection have important practical implications for daily
work for example in the field of construction, operating machinery and driving. In afore-
mentioned cases drowsiness and fatigue can have serious or fatal consequences for the spe-
cific individuals themselves or the ones around them whether on the construction site or in
traffic. For this reason many studies are addressing the problem and trying to find innovative
solutions [7], [31], [188]. For the drowsiness detection of workers on site Dhole et al. [31]
have proposed in addition to the current helmet solutions also the indoor positioning system,
helmet to helmet communication and use of conductive EEG fabric instead of current solu-

tions in use.

In other fields under non-medical domain there could be further development for
controlling different machines. It has been suggested that control of machines and devices
via EEG-based BCI could give new possibilities and increase the efficiency also for people
without specific medical need. For example Penaloza et al. [156] has suggested further de-
velopment of collaborative tasking and parallel multi-tasking where people could collabo-
rate with the help of EEG-based BCI or could use for example additional robotic arm in

addition to two biological arms.

EEG-based BCI applications could be further developed for wider authentication of
persons in addition to currently available methods [8]. Authentication via EEG has several
advantages when compared to current methods. In case of current traditional authentication
methods such as passwords or biometric authentication via fingerprints EEG based authen-
tication would be much safer and harder to copy. Passwords could be easily copied and used,
but it is much more complicated to copy person’s EEG and present for authentication. In

case of using fingerprints the biometric data could be stolen and used by other persons for
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authentication with no possibility for the actual person to change the biometric details. In
case of EEG-based authentication the data is difficult to copy and the biometric data for

authentication could be changed via thinking about another element in case needed.

It has been suggested that EEG data could be used also for deceit identification. As
polygraphy test is not fully reliable and the results could be altered in case of specific prac-
tice and training by the subject EEG data could be important alternative for deceit identifi-
cation in the future [76]. Punsawad et al. [159] have suggested that the monitoring of human
emotions via EEG-based BCI application could be applied in neuromarketing for product

branding and advertising slogan design.

Developing field is also entertainment which includes for example gaming. The
availability and user friendliness of the games using EEG-based BCI is increasing with time
[110]. With further development of the technology and integration with currently available
technological possibilities there are numerous possibilities for the use of EEG-based BCI
for games for both entertainment and serious games for training purposes [24]. EEG-based
BCI technology could further merge with virtual reality giving additional dimension for the
EEG-based BCI applications. Further development and use of virtual reality would support

the use of EEG-based BCI applications in many fields including games and also art [2].

In case a person is able to receive feedback concerning one’s own emotions or other
mental states in real-time and make changes to the mental states at one’s will EEG-based
BCl applications could be used for triggering awareness about oneself and facilitate learning
and enhance brain functionality [79]. The benefit of EEG-based BCI applications could be
also applied via neurofeedback for sport motor skills improvement, acting skills improve-

ment or surgical skills improvement [29].

In order to facilitate further development of the EEG-based BCI applications it
would be important to make the applications and devices more user-friendly, reliable and
corresponding to user needs. In both medical and non-medical domain it has been suggested
that the use of dry electrodes should be preferred in order to increase the user-friendliness
of the devices [161]. It is also important to conduct the research under realistic conditions
for applications and devices to work properly outside of the controlled environment in eve-

ryday situations [30].

During the daily use of EEG-based BCI applications the safety of the use is one of
the most important aspect to focus. In case of synchronous BCI the controlling of the BCI
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is divided into time windows when the commands by the user could be given and the transfer
of commands from the user to the device is well defined. For the user asynchronous BCI
applications would be preferred as in case of asynchronous applications the commands
could be given to the device at every time not depending on specific time windows. From
the safety aspect it is important to define for the device in case of asynchronous devices
when the user actually wanted to give command and when the user was thinking other
thoughts not related to the use of the device. For this reason the concept of “brain switch”
would need to be further developed in practice enabling the user to mentally disconnect

from the device when the user is not intending to use the device [22], [129].

Further possibilities include for the EEG-based BCI applications new more conven-
ient methods for obtaining EEG signals. Wei et al. [188] has suggested measuring of EEG
from non-hairbearing scalp areas for the further ease of use during long-term use of the
EEG-based BCI devices in everyday situations. It has been also shown that in some cases it
would be sufficient to measure EEG only near the ear that could make the use of EEG-based
BCl applications more convenient [112]. In order to make the use of BCI applications more
efficient and further integrate the possibilities into our daily tasks BCI-s could be integrated
with augmented reality which would create new dimensions of user experience and practi-
cality [32].
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Summary

EEG-based BCI applications has been quickly developing field of research due to
the high potential of use for variety of tasks. Although the initial need for the EEG-based
BCl applications has come from medical domain the possibilities for use have spread much
wider and have the potential to be incorporated in many aspects of our daily lives. In addi-
tion to the initial applications supporting communication and movement of patients in med-
ical setting EEG-based BCI applications also support healthy persons to become more effi-
cient via innovative use of machines or devices, monitoring drowsiness in order to increase
safety on workplace, providing neurofeedback to support concentration and in high number

of other aspects.

Therefore it is important to analyze the trends in the EEG-based BCI applications
field of research in order to have overview concerning the trends in the research and analyze
the studies conducted in medical and non-medical domain. The previously conducted stud-
ies in medical and non-medical domain are further divided into fields of research and ana-
lyzed within these domains. Also overview has been given concerning the use of equipment

and signal processing.

The systematic literature review has been prepared following the PRISMA model
developed by Moher et al. The model gives structured method and collection of principles
for preparing and conducting the systematic literature review. During the process three well
known databases PubMed, Scopus and Web of Science were selected to conduct the publi-
cation search. The search resulted in 1205 publications from which duplicates were removed
and 635 unique publications further screened and assessed for eligibility. After assessment

202 eligible publications were included in the final analysis.

The overall number of articles and conference proceedings has been increasing
throughout the years. The increase in research has been supported by the development of
the technology making it easier to conduct the research in the field. The majority of the
research has been done in Asia with China contributing the highest number of publications

throughout the years.

With the development of the technology, reduction of cost and increase in comfort-
ability of the devices more attention is focusing in the non-medical field. In addition to the

applications in the medical domain such as systems for communication for patients in
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completely locked-in state and support for rehabilitation of stroke patients applications have
been developed to control machines and devices such as robotic limbs, humanoid robots,
drones and smart home applications. The aforementioned examples are only few possibili-
ties and the number of overall possibilities for the EEG-based BCI applications in medical

and non-medical domain is limitless.

The currently most commonly used devices for EEG-based BCI applications are
Emotiv EPOC from Emotiv, Quik-Cap from Compumedics Neuroscan and MindWave from
NeuroSky all manufactured in USA. The number of EEG channels in use varies from 1 to
163 with majority of the studies involving up to 20 EEG channels. Concerning signal anal-
ysis the most popular technique use to obtain EEG data involves motor-imagery paradigm.
For feature extraction analysis of power spectral density has been most frequently used and
for classification linear discriminant analysis, simple classifier with low computation re-
quirements, has been applied. The specific selection of the device and signal analysis meth-

ods depends on the signal recorded and application under study.

Concerning challenges the EEG-based BCI applications are working better in con-
trolled environment, but would need to have more reliability in everyday noisy environ-
ments. This aspect affects applications in both medical and non-medical domain, but would
have bigger impact for non-medical domain as the applications in the non-medical domain
would need to be able to endure more diverse environments. The accuracy of interpreting
the commands and the adaptability with different users needs to be further increased for the
applications. One of the most important hindrance to address is the user-friendliness and

comfortability of the devices.

In addition to the specific challenges with the applications and devices also the po-
tential ethical issues need to be considered when implementing broader use of EEG-based
BCI applications. Ethical considerations would include the question concerning liability in
case of accidents, but also the possibility of the application to affect user’s mood and deci-
sion making process. Also the aspects of data privacy and information security need to be
ensured as sensitive biomedical data is collected by the devices.

Although there are certain challenges in the field of EEG-based BCI applications the
possibilities for the future are vast. In order to increase signal accuracy, the use of hybrid
BClI-s has been suggested. Hybrid BCI-s would combine BCI system with other BCI system
or other kind of interface. Use of fNIRS and fMRI has been also suggested in addition to
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EEG. In order to make the devices more comfortable during long-term use it has been sug-
gested to use non-hairbearing scalp areas for obtaining EEG signal. It has been also sug-
gested that for certain applications it would be sufficient to measure EEG only near the ear,
which would make the use of EEG-based BCI applications more convenient.

Current systematic literature on EEG-based BCI applications has analyzed the arti-
cles and conference proceedings published on the topic during the period from 2009 until
2019 according to the objectives determined for the study. The aforementioned field of re-
search has high potential and diverse possibilities for providing applications to support pa-
tients in need and enabling healthy persons to be more efficient, collaborate, develop them-

selves and much more.

54



Acknowledgement

| would like to thank my thesis supervisors Yar Muhammad (PhD) and Naveed Mu-
hammad (PhD) from the Institute of Computer Science at University of Tartu for continuous
support during the planning and conduct of the systematic literature review. The discussions
and advice during the process have been valuable support for selecting the best methods,

conducting the review process and obtaining the results.

| would also like to thank the personnel from University of Tartu Library especially
Signe Bachmann for advice and assistance for obtaining articles and conference proceedings
needed for the preparation of the thesis. | want to thank also the authors of the publications
analyzed in the literature review for providing articles and conference proceedings from
their side in case needed. The conduct of the systematic literature review would not have

been possible without this good collaboration from all involved. Thank you.

Kaido Vérbu

55



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

R. Abiri, S. Borhani, E. W. Sellers, Y. Jiang, and X. Zhao, ‘A comprehensive re-
view of EEG-based brain-computer interface paradigms’, J. Neural Eng., vol. 16,
no. 1, p. 011001, 2019, doi: 10.1088/1741-2552/aaf12e.

N. Padfield, J. Zabalza, H. Zhao, V. Masero, and J. Ren, ‘EEG-Based Brain-Com-
puter Interfaces Using Motor-Imagery: Techniques and Challenges’, Sensors, vol.
19, no. 6, Mar. 2019, doi: 10.3390/s19061423.

M. Fatima, N. Amjad, and M. Shafique, ‘Analysis of Electroencephalographic Sig-
nal Acquisition and Processing for Use in Robotic Arm Movement’, in 2018 IEEE-
EMBS Conference on Biomedical Engineering and Sciences (IECBES), Dec. 2018,
pp. 117-121, doi: 10.1109/IECBES.2018.8626663.

K.-T. Kim and S.-W. Lee, ‘Towards an EEG-based intelligent wheelchair driving
system with vibro-tactile stimuli’, in 2016 IEEE International Conference on Sys-
tems, Man, and Cybernetics (SMC), Oct. 2016, pp. 002382-002385, doi:
10.1109/SMC.2016.7844595.

C.-H. Han and C.-H. Im, ‘EEG-based brain-computer interface for real-time com-
munication of patients in completely locked-in state’, in 2018 6th International
Conference on Brain-Computer Interface (BCI), Jan. 2018, pp. 1-2, doi:
10.1109/1IWW-BC1.2018.83115009.

K. Ullah, M. Ali, M. Rizwan, and M. Imran, ‘Low-cost single-channel EEG based
communication system for people with lock-in syndrome’, in 2011 IEEE 14th Inter-
national Multitopic Conference, Dec. 2011, pp. 120-125, doi: 10.1109/IN-
MIC.2011.6151455.

S. Tian, Y. Wang, G. Dong, W. Pei, and H. Chen, ‘Mental Fatigue Estimation Using
EEG in a Vigilance Task and Resting States’, in 2018 40th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Jul.
2018, pp. 1980-1983, doi: 10.1109/EMBC.2018.8512666.

I. Mustafa, H. Farooq, and T. Khatri, ‘EEG based user authentication using visual
stimuli of geometric shapes’, Mar. 2019, pp. 247-251, doi: 10.1109/C-
CODE.2019.8680987.

X. Pan, Z. Zhang, J. Qu, C. Zhao, and Y. L1, ‘Enjoy driving from thought in a vir-
tual city’, in 2017 36th Chinese Control Conference (CCC), Jul. 2017, pp. 11034—
11040, doi: 10.23919/ChiCC.2017.80291109.

S. Shin, D. Jang, J. J. Lee, S.-J. Jang, and J.-H. Kim, ‘MyMusicShuffler: Mood-
based music recommendation with the practical usage of brainwave signals’, in
2014 IEEE International Conference on Consumer Electronics (ICCE), Jan. 2014,
pp. 355-356, doi: 10.1109/ICCE.2014.6776039.

D. Moher, A. Liberati, J. Tetzlaff, D. G. Altman, and PRISMA Group, ‘Preferred
reporting items for systematic reviews and meta-analyses: the PRISMA statement’,
PLoS Med., vol. 6, no. 7, p. e1000097, Jul. 2009, doi: 10.1371/jour-
nal.pmed.1000097.

H. H. Handoll, W. J. Gillespie, L. D. Gillespie, and R. Madhok, ‘The Cochrane Col-
laboration: A leading role in producing reliable evidence to inform healthcare deci-
sions in musculoskeletal trauma and disorders’, Indian J. Orthop., vol. 42, no. 3, pp.
247-251, 2008, doi: 10.4103/0019-5413.41849.

56



[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

A. Al-Nafjan, M. Hosny, Y. Al-Ohali, and A. Al-Wabil, ‘Review and Classification
of Emotion Recognition Based on EEG Brain-Computer Interface System Research:
A Systematic Review’, Appl. Sci., vol. 7, no. 12, Art. no. 12, Dec. 2017, doi:
10.3390/app7121239.

Y. Roy, H. Banville, I. Albuquerque, A. Gramfort, T. H. Falk, and J. Faubert, ‘Deep
learning-based electroencephalography analysis: a systematic review’, J. Neural
Eng., vol. 16, no. 5, p. 051001, Aug. 2019, doi: 10.1088/1741-2552/ab260c.

E. Pasqualotto, S. Federici, and M. O. Belardinelli, ‘Toward functioning and usable
brain-computer interfaces (BClIs): a literature review’, Disabil. Rehabil. Assist.
Technol., vol. 7, no. 2, pp. 89-103, Mar. 2012, doi:
10.3109/17483107.2011.589486.

A. Craik, Y. He, and J. L. Contreras-Vidal, ‘Deep learning for electroencephalo-
gram (EEG) classification tasks: a review’, J. Neural Eng., vol. 16, no. 3, p. 031001,
2019, doi: 10.1088/1741-2552/ab0ab5.

S. K. Ramakuri, A. Peddi, K. S. Nishanth Rao, B. Gupta, and S. Ghosh, ‘Perfor-
mance and Analysis of Human Attention Using Single-Channel Wireless EEG Sen-
sor for Medical Application’, in First International Conference on Artificial Intelli-
gence and Cognitive Computing, Singapore, 2019, pp. 355-362, doi: 10.1007/978-
981-13-1580-0_34.

D. Anwar, A. Gupta, V. Naik, and S. K. Sharma, ‘Detecting meditation using a dry
mono-electrode EEG sensor’, in 2017 9th International Conference on Communica-
tion Systems and Networks (COMSNETS), Jan. 2017, pp. 508-513, doi:
10.1109/COMSNETS.2017.7945444,

S. V. K. Kumar and A. Julian, ‘Oscitancy tracking using Brain-Computer Interface’,
in 2012 IEEE Students’ Conference on Electrical, Electronics and Computer Sci-
ence, Mar. 2012, pp. 14, doi: 10.1109/SCEECS.2012.6184783.

S. Ramakuri, S. Ghosh, and B. Gupta, ‘Behaviour state analysis through brain com-
puter interface using wearable EEG devices: A review’, Electron. Gov. Int. J., vol.
13, p. 377, Jan. 2017, doi: 10.1504/EG.2017.087994.

B. Landavazo and V. K. Nandikolla, ‘Brain-Computer Interface Application in Ro-
botic Gripper Control’, presented at the ASME 2018 International Mechanical Engi-
neering Congress and Exposition, Jan. 2019, doi: 10.1115/IMECE2018-86274.

X. Mao et al., ‘Review Article Progress in EEG-Based Brain Robot Interaction Sys-
tems’, Comput. Intell. Neurosci., vol. 2017, pp. 1-25, Apr. 2017, doi:
10.1155/2017/1742862.

Y. Yang, Q. Wu, Y. Fu, and X. Chen, ‘Continuous Convolutional Neural Network
with 3D Input for EEG-Based Emotion Recognition’, in Neural Information Pro-
cessing, Cham, 2018, pp. 433-443, doi: 10.1007/978-3-030-04239-4_39.

F. Perales and E. Amengual, ‘A serious game application using EEG-based Brain
Computer Interface’, NEUROTECHNIX 2013 - Proc. Int. Congr. Neurotechnology
Electron. Inform. Pp 249-255, vol. 978-989856580-8, Sep. 2013.

C.-T. Lin, C.-J. Chang, B.-S. Lin, S.-H. Hung, C.-F. Chao, and I.-J. Wang, ‘A Real-
Time Wireless Brain—Computer Interface System for Drowsiness Detection’, IEEE
Trans. Biomed. Circuits Syst., vol. 4, no. 4, pp. 214-222, Aug. 2010, doi:
10.1109/TBCAS.2010.2046415.

N. Kosmyna and A. Lécuyer, ‘A conceptual space for EEG-based brain-computer
interfaces’, PLOS ONE, vol. 14, no. 1, p. e0210145, Jan. 2019, doi: 10.1371/jour-
nal.pone.0210145.

57



[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]
[39]

[40]

[41]

[42]

S. Machado et al., ‘EEG-based brain-computer interfaces: an overview of basic con-
cepts and clinical applications in neurorehabilitation’, Rev. Neurosci., vol. 21, no. 6,
pp. 451-468, 2010, doi: 10.1515/revneuro.2010.21.6.451.

L. F. Nicolas-Alonso and J. Gomez-Gil, ‘Brain Computer Interfaces, a Review’,
Sensors, vol. 12, no. 2, pp. 1211-1279, Jan. 2012, doi: 10.3390/s120201211.

C. Jeunet, B. Glize, A. McGonigal, J.-M. Batail, and J.-A. Micoulaud-Franchi, ‘Us-
ing EEG-based brain computer interface and neurofeedback targeting sensorimotor
rhythms to improve motor skills: Theoretical background, applications and pro-
spects’, Neurophysiol. Clin. Clin. Neurophysiol., vol. 49, no. 2, pp. 125-136, Apr.
2019, doi: 10.1016/j.neucli.2018.10.068.

M. Tariq, P. M. Trivailo, and M. Simic, ‘EEG-Based BCI Control Schemes for
Lower-Limb Assistive-Robots’, Front. Hum. Neurosci., vol. 12, p. 312, 2018, doi:
10.3389/fnhum.2018.00312.

S. R. Dhole, A. Kashyap, A. N. Dangwal, and R. Mohan, ‘A novel helmet design
and implementation for drowsiness and fall detection of workers on-site using EEG
and Random-Forest Classifier’, Procedia Comput. Sci., vol. 151, pp. 947-952, Jan.
2019, doi: 10.1016/j.procs.2019.04.132.

M. Kim, M.-K. Kim, M. Hwang, H.-Y. Kim, J. Cho, and S.-P. Kim, ‘Online Home
Appliance Control Using EEG-Based Brain—Computer Interfaces’, Electronics, vol.
8, no. 10, Art. no. 10, Oct. 2019, doi: 10.3390/electronics8101101.

Q. Gao, X. Zhao, X. Yu, Y. Song, and Z. Wang, ‘Controlling of smart home system
based on brain-computer interface’, Technol. Health Care Off. J. Eur. Soc. Eng.
Med., vol. 26, no. 5, pp. 769-783, 2018, doi: 10.3233/THC-181292.

C. Holzner, C. Guger, C. Gronegress, G. Edlinger, and M. Slater, ‘Using a P300
Brain Computer Interface for Smart Home Control’, in World Congress on Medical
Physics and Biomedical Engineering, September 7 - 12, 2009, Munich, Germany,
Berlin, Heidelberg, 2009, pp. 174-177, doi: 10.1007/978-3-642-03889-1_47.

C. Holzner, C. Guger, G. Edlinger, C. Gronegress, and M. Slater, ‘Virtual Smart
Home Controlled by Thoughts’, in 2009 18th IEEE International Workshops on En-
abling Technologies: Infrastructures for Collaborative Enterprises, Jun. 2009, pp.
236-239, doi: 10.1109/WETICE.2009.41.

Y. Yu et al., ‘Toward brain-actuated car applications: Self-paced control with a mo-
tor imagery-based brain-computer interface’, Comput. Biol. Med., vol. 77, pp. 148—
155, 01 2016, doi: 10.1016/j.compbiomed.2016.08.010.

L. Barrios, M. D. del Castillo, J. I. Serrano, and J. Pons, ‘A Review of fMRI as a
Tool for Enhancing Eeg-Based Brain-Machine Interfaces’, Appl. Bionics Biomech.,
vol. 9, pp. 125-133, Apr. 2012, doi: 10.3233/ABB-2012-0066.

‘PRISMA’. http://www.prisma-statement.org/PRISMAStatement/HistoryAndDe-
velopment (accessed Nov. 09, 2020).

‘PRISMA’. http://www.prisma-statement.org/Endorsement/PRISMAEndorsers.aspx
(accessed Nov. 09, 2020).

M. Abu-Alqumsan, F. Ebert, and A. Peer, ‘Goal-recognition-based adaptive brain-
computer interface for navigating immersive robotic systems’, J. Neural Eng., vol.
14, no. 3, p. 036024, Apr. 2017, doi: 10.1088/1741-2552/aa66e0.

M. S. Adha, N. Safri, and M. A. Othman, ‘Real-time target selection based on elec-
troencephalogram (EEG) signal’, vol. 10, pp. 8757-8761, Jan. 2015.

J. W. Ahn, Y. Ku, D. Y. Kim, J. Sohn, J.-H. Kim, and H. C. Kim, ‘Wearable in-the-
ear EEG system for SSVEP-based brain—computer interface’, Electron. Lett., vol.
54, no. 7, pp. 413-414, 2018, doi: 10.1049/el.2017.3970.

58



[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

Aiqin Sun, Binghui Fan, and Chaochuan Jia, ‘Motor imagery EEG-based online
control system for upper artificial limb’, in Proceedings 2011 International Confer-
ence on Transportation, Mechanical, and Electrical Engineering (TMEE), Dec.
2011, pp. 1646-1649, doi: 10.1109/TMEE.2011.6199526.

N. Al-Ghamdi, G. Al-Hudhud, M. Alzamel, and A. Al-Wabil, ‘Trials and tribula-
tions of BCI control applications’, in 2013 Science and Information Conference,
Oct. 2013, pp. 212-217.

A. Al-Nafjan, A. Al-Wabil, A. AlMudhi, and M. Hosny, ‘Measuring and monitor-
ing emotional changes in children who stutter’, Comput. Biol. Med., vol. 102, pp.
138-150, Nov. 2018, doi: 10.1016/j.compbiomed.2018.09.022.

A. Alnafjan, M. Hosny, A. Al-Wabil, and Y. Al-Ohali, ‘Classification of Human
Emotions from Electroencephalogram (EEG) Signal using Deep Neural Network’,
Int. J. Adv. Comput. Sci. Appl., vol. 8, Jan. 2017, doi:
10.14569/IJACSA.2017.080955.

F. Aloise et al., ‘Advanced brain computer interface for communication and con-
trol’, Jan. 2010, pp. 399-400, doi: 10.1145/1842993.1843076.

D. AlQattan and F. Sepulveda, ‘Towards sign language recognition using EEG-
based motor imagery brain computer interface’, in 2017 5th International Winter
Conference on Brain-Computer Interface (BCI), Jan. 2017, pp. 5-8, doi:
10.1109/IWW-BCI.2017.7858143.

K. Amarasinghe, P. Sivils, and M. Manic, ‘EEG feature selection for thought driven
robots using evolutionary Algorithms’, in 2016 9th International Conference on
Human System Interactions (HSI), Jul. 2016, pp. 355-361, doi:
10.1109/HSI.2016.7529657.

X. An, J. Wei, S. Liu, and D. Ming, ‘A sLORETA study for gaze-independent BCI
speller’, in 2017 39th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC), Jul. 2017, pp. 994-997, doi:
10.1109/EMBC.2017.8036993.

D. G. Anil, P. Pelayo, K. S. Mistry, and K. George, ‘A tactile P300 based brain
computer interface system for communication in iOS devices’, in 2018 IEEE Inter-
national Instrumentation and Measurement Technology Conference (I2MTC), May
2018, pp. 1-6, doi: 10.1109/12MTC.2018.8409715.

G. Arfaras et al., “Visual Versus Kinesthetic Motor Imagery for BCI Control of Ro-
botic Arms (Mercury 2.0)’, in 2017 IEEE 30th International Symposium on Com-
puter-Based Medical Systems (CBMS), Jun. 2017, pp. 440-445, doi:
10.1109/CBMS.2017.34.

P. Arico et al., ‘Adaptive Automation Triggered by EEG-Based Mental Workload
Index: A Passive Brain-Computer Interface Application in Realistic Air Traffic
Control Environment’, Front. Hum. Neurosci., vol. 10, Oct. 2016, doi:
10.3389/fnhum.2016.00539.

P. Arico, G. Borghini, G. Di Flumeri, N. Sciaraffa, A. Colosimo, and F. Babiloni,
‘Passive BCI in Operational Environments: Insights, Recent Advances, and Future
Trends’, IEEE Trans. Biomed. Eng., vol. 64, no. 7, pp. 1431-1436, Jul. 2017, doi:
10.1109/TBME.2017.2694856.

0. Bai, P. Lin, D. Huang, D.-Y. Fei, and M. K. Floeter, ‘Towards a User-Friendly
Brain-Computer Interface: Initial Tests in ALS and PLS Patients’, Clin. Neurophys-
iol. Off. J. Int. Fed. Clin. Neurophysiol., vol. 121, no. 8, pp. 1293-1303, Aug. 2010,
doi: 10.1016/j.clinph.2010.02.157.

59



[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

S. Bhattacharyya, A. Konar, and D. N. Tibarewala, ‘Motor imagery, P300 and error-
related EEG-based robot arm movement control for rehabilitation purpose’, Med.
Biol. Eng. Comput., vol. 52, no. 12, pp. 1007-1017, Dec. 2014, doi:
10.1007/s11517-014-1204-4.

S. Bhattacharyya et al., ‘EEG controlled remote robotic system from motor imagery
classification’, in 2012 Third International Conference on Computing, Communica-
tion and Networking Technologies (ICCCNT’12), Jul. 2012, pp. 1-8, doi:
10.1109/ICCCNT.2012.6395890.

M. R. Boubakeur, G. Wang, C. Zhang, and K. Liu, ‘EEG-Based Person Recognition
Analysis and Criticism’, in 2017 IEEE International Conference on Big Knowledge
(ICBK), Aug. 2017, pp. 155-160, doi: 10.1109/ICBK.2017.54.

J. S. Brumberg, S. D. Lorenz, B. V. Galbraith, and F. H. Guenther, ‘The unlock pro-
ject: A Python-based framework for practical brain-computer interface communica-
tion “app” development’, in 2012 Annual International Conference of the IEEE En-
gineering in Medicine and Biology Society, Aug. 2012, pp. 2505-2508, doi:
10.1109/EMBC.2012.6346473.

N. B. Brummer et al., ‘Electrode selection and other design considerations for a
modular, portable single-channel EEG-augmented hearing aid’, in 2013 6th Interna-
tional IEEE/EMBS Conference on Neural Engineering (NER), Nov. 2013, pp. 431-
434, doi: 10.1109/NER.2013.6695964.

M. Bryan et al., ‘An adaptive brain-computer interface for humanoid robot control’,
in 2011 11th IEEE-RAS International Conference on Humanoid Robots, Oct. 2011,
pp. 199-204, doi: 10.1109/Humanoids.2011.6100901.

S. G. Chacko, P. Tayade, S. Kaur, and R. Sharma, ‘Creation of a high resolution
EEG based Brain Computer Interface for classifying motor imagery of daily life ac-
tivities’, in 2019 7th International Winter Conference on Brain-Computer Interface
(BCI), Feb. 2019, pp. 1-5, doi: 10.1109/IWW-BCI.2019.8737258.

R. Chai et al., ‘Driver Fatigue Classification With Independent Component by En-
tropy Rate Bound Minimization Analysis in an EEG-Based System’, IEEE J. Bio-
med. Health Inform., vol. 21, no. 3, pp. 715-724, May 2017, doi:
10.1109/JBHI1.2016.2532354.

T. Chakraborti et al., ‘Implementation of EEG based control of remote robotic sys-
tems’, in 2011 International Conference on Recent Trends in Information Systems,
Dec. 2011, pp. 203-208, doi: 10.1109/ReTIS.2011.6146868.

J. X. Chen, Z. J. Mao, W. X. Yao, and Y. F. Huang, ‘EEG-based biometric identifi-
cation with convolutional neural network’, Multimed. Tools Appl., vol. 79, no. 15,
pp. 10655-10675, Apr. 2020, doi: 10.1007/s11042-019-7258-4.

S.-A. Chen, C.-H. Chen, J.-W. Lin, L.-W. Ko, and C.-T. Lin, ‘Gaming controlling
via brain-computer interface using multiple physiological signals’, in 2014 IEEE In-
ternational Conference on Systems, Man, and Cybernetics (SMC), Oct. 2014, pp.
3156-3159, doi: 10.1109/SMC.2014.6974413.

S. Chennu, A. Alsufyani, M. Filetti, A. Owen, and H. Bowman, ‘The cost of space
independence in P300-BCI spellers’, J. NeuroEngineering Rehabil., vol. In press,
Jul. 2013, doi: 10.1186/1743-0003-10-82.

M. Chiesi, M. Guermandi, S. Placati, E. F. Scarselli, and R. Guerrieri, ‘Creamino: A
Cost-Effective, Open-Source EEG-Based BCI System’, IEEE Trans. Biomed. Eng.,
vol. 66, no. 4, pp. 900-909, 2019, doi: 10.1109/TBME.2018.2863198.

60



[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

A. Chowdhury, H. Raza, A. Dutta, and G. Prasad, ‘EEG-EMG based Hybrid Brain
Computer Interface for Triggering Hand Exoskeleton for Neuro-Rehabilitation’, in
Proceedings of the Advances in Robotics, New Delhi, India, Jun. 2017, pp. 1-6, doi:
10.1145/3132446.31349009.

N. Chumerin et al., ‘P300 Detection Based on Feature Extraction in On-line Brain-
Computer Interface’, in KI 2009: Advances in Artificial Intelligence, Berlin, Heidel-
berg, 2009, pp. 339-346, doi: 10.1007/978-3-642-04617-9_43.

N. Chumerin, N. V. Manyakov, A. Combaz, J. A. K. Suykens, and M. M. Van
Hulle, ‘An application of feature selection to on-line P300 detection in brain-com-
puter interface’, in 2009 IEEE International Workshop on Machine Learning for
Signal Processing, Sep. 2009, pp. 1-6, doi: 10.1109/MLSP.2009.5306244.

F. Cincaotti et al., ‘EEG-based Brain-Computer Interface to support post-stroke mo-
tor rehabilitation of the upper limb’, Conf. Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc. IEEE Eng. Med. Biol. Soc. Annu. Conf., vol. 2012, pp. 4112-4115, 2012,
doi: 10.1109/EMBC.2012.6346871.

F. Cincotti, L. R. Quitadamo, F. Aloise, L. Bianchi, F. Babiloni, and D. Mattia, ‘In-
teracting with the Environment through Non-invasive Brain-Computer Interfaces’,
in Universal Access in Human-Computer Interaction. Intelligent and Ubiquitous In-
teraction Environments, Berlin, Heidelberg, 2009, pp. 483-492, doi: 10.1007/978-
3-642-02710-9_53.

Y. Cui and D. Wu, ‘EEG-Based Driver Drowsiness Estimation Using Convolutional
Neural Networks’, in Neural Information Processing, Cham, 2017, pp. 822-832,
doi: 10.1007/978-3-319-70096-0_84.

E. C. Djamal and P. Lodaya, ‘EEG based emotion monitoring using wavelet and
learning vector quantization’, in 2017 4th International Conference on Electrical
Engineering, Computer Science and Informatics (EECSI), Sep. 2017, pp. 1-6, doi:
10.1109/EECSI.2017.8239090.

S. Dodia, D. R. Edla, A. Bablani, D. Ramesh, and V. Kuppili, ‘An efficient EEG
based deceit identification test using wavelet packet transform and linear discrimi-
nant analysis’, J. Neurosci. Methods, vol. 314, pp. 31-40, 15 2019, doi:
10.1016/j.jneumeth.2019.01.007.

C. Dongwei, W. Fang, W. Zhen, L. Haifang, and C. Junjie, ‘Eeg-based emotion
recognition with brain network using independent components analysis and granger
causality’, in 2013 International Conference on Computer Medical Applications
(ICCMA), Jan. 2013, pp. 1-6, doi: 10.1109/ICCMA.2013.6506157.

M. Duvinage et al., ‘A P300-based Quantitative Comparison between the Emotiv
Epoc Headset and a Medical EEG Device’, May 2012, vol. 765, doi:
10.2316/P.2012.764-071.

S. Ehrlich, C. Guan, and G. Cheng, ‘A closed-loop brain-computer music interface
for continuous affective interaction’, in 2017 International Conference on Orange
Technologies (ICOT), Dec. 2017, pp. 176-179, doi: 10.1109/ICOT.2017.8336116.
M. Fatima, M. Shafique, and Z. H. Khan, ‘Towards a low cost Brain-computer In-
terface for real time control of a 2 DOF robotic arm’, in 2015 International Confer-
ence on Emerging Technologies (ICET), Dec. 2015, pp. 1-6, doi:
10.1109/ICET.2015.7389206.

S. Fazli, S. Dahne, W. Samek, F. BieBmann, and K.-R. Miiller, ‘Learning From
More Than One Data Source: Data Fusion Techniques for Sensorimotor Rhythm-
Based Brain—Computer Interfaces’, Proc. IEEE, vol. 103, no. 6, pp. 891-906, Jun.
2015, doi: 10.1109/JPROC.2015.2413993.

61



[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

A. Finke, N. Hachmeister, H. Riechmann, and H. Ritter, ‘Thought-controlled robots
- Systems, studies and future challenges’, in 2013 IEEE International Conference
on Robotics and Automation, May 2013, pp. 3403-3408, doi:
10.1109/ICRA.2013.6631052.

R. Folgieri and R. Zampolini, ‘BCI Promises in Emotional Involvement in Music
and Games’, Comput. Entertain., vol. 11, pp. 1-10, Feb. 2015, doi:
10.1145/2582193.2633447.

M. Frank et al., ‘Using EEG-Based BCI Devices to Subliminally Probe for Private
Information’, in Proceedings of the 2017 on Workshop on Privacy in the Electronic
Society, Dallas, Texas, USA, Oct. 2017, pp. 133-136, doi:
10.1145/3139550.3139559.

N. Friedman, T. Fekete, K. Gal, and O. Shriki, ‘EEG-Based Prediction of Cognitive
Load in Intelligence Tests’, Front. Hum. Neurosci., vol. 13, Jun. 2019, doi:
10.3389/fnhum.2019.00191.

J. S. Garcia-Salinas, L. Villasefior-Pineda, C. A. Reyes-Garcia, and A. A. Torres-
Garcia, ‘Transfer learning in imagined speech EEG-based BCIs’, Biomed. Signal
Process. Control, vol. 50, pp. 151-157, Apr. 2019, doi: 10.1016/j.bspc.2019.01.006.
E. F. Gonzéalez-Castafieda, A. A. Torres-Garcia, C. A. Reyes-Garcia, and L. Villase-
fior-Pineda, ‘Sonification and textification: Proposing methods for classifying un-
spoken words from EEG signals’, Biomed. Signal Process. Control, vol. 37, pp. 82—
91, Aug. 2017, doi: 10.1016/j.bspc.2016.10.012.

G. Gorjup, R. Vrabi¢, S. P. Stoyanov, M. @. Andersen, and P. Manoonpong, ‘De-
velopment of a Real-Time Motor-Imagery-Based EEG Brain-Machine Interface’, in
Neural Information Processing, Cham, 2018, pp. 610-622, doi: 10.1007/978-3-030-
04239-4_55.

J.-N. Gu, H.-T. Lu, and B.-L. Lu, ‘An integrated Gaussian mixture model to esti-
mate vigilance level based on EEG recordings’, Neurocomputing, vol. 129, pp. 107—
113, Apr. 2014, doi: 10.1016/j.neucom.2012.10.042.

C. Guger et al., ‘How many people are able to control a P300-based brain-computer
interface (BCI)?’, Neurosci. Lett., vol. 462, no. 1, pp. 94-98, Oct. 2009, doi:
10.1016/j.neulet.2009.06.045.

C. Guger, C. Holzner, C. Groenegress, G. Edlinger, and M. Slater, ‘Brain Computer
Interface for Virtual Reality Control.’, Jan. 2009.

M. Haghighi, M. Akcakaya, U. Orhan, D. Erdogmus, B. Oken, and M. Fried-Oken,
‘Initial assessment of artifact filtering for RSVP Keyboard™", in 2013 IEEE Signal
Processing in Medicine and Biology Symposium (SPMB), Dec. 2013, pp. 1-5, doi:
10.1109/SPMB.2013.6736777.

D. Heger, F. Putze, and T. Schultz, ‘Online Recognition of Facial Actions for Natu-
ral EEG-Based BCI Applications’, in Affective Computing and Intelligent Interac-
tion, Berlin, Heidelberg, 2011, pp. 436-446, doi: 10.1007/978-3-642-24571-8 56.
Z.-H. Hsieh, W.-C. Fang, and Tzyy-Ping Jung, ‘A brain-computer interface with
real-time independent component analysis for biomedical applications’, in 2012
IEEE International Conference on Consumer Electronics (ICCE), Jan. 2012, pp.
339-340, doi: 10.1109/ICCE.2012.6161895.

D. Huang, S. Zhang, and Y. Zhang, ‘EEG-based emotion recognition using empiri-
cal wavelet transform’, in 2017 4th International Conference on Systems and Infor-
matics (ICSAI), Nov. 2017, pp. 1444-1449, doi: 10.1109/ICSAI.2017.8248513.

D. Huang et al., ‘Fast emotion detection from EEG using asymmetric spatial filter-
ing’, in 2012 IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), Mar. 2012, pp. 589-592, doi: 10.1109/ICASSP.2012.6287952.

62



[97] R.J. Huster, Z. N. Mokom, S. Enriquez-Geppert, and C. S. Herrmann, ‘Brain-com-
puter interfaces for EEG neurofeedback: peculiarities and solutions’, Int. J. Psycho-
physiol. Off. J. Int. Organ. Psychophysiol., vol. 91, no. 1, pp. 36-45, Jan. 2014, doi:
10.1016/j.ijpsycho.2013.08.011.

[98] H.-J. Hwang, K.-H. Kim, Y.-J. Jung, D.-W. Kim, Y.-H. Lee, and C.-H. Im, ‘An
EEG-based real-time cortical functional connectivity imaging system’, Med. Biol.
Eng. Comput., vol. 49, no. 9, pp. 985-995, Sep. 2011, doi: 10.1007/s11517-011-
0791-6.

[99] H.-J. Hwang, S. Kim, S. Choi, and C.-H. Im, ‘EEG-Based Brain-Computer Inter-
faces: A Thorough Literature Survey’, Int. J. Human—Computer Interact., vol. 29,
no. 12, pp. 814-826, Dec. 2013, doi: 10.1080/10447318.2013.780869.

[100] J. Ibafiez, J. 1. Serrano, M. D. del Castillo, J. A. Gallego, and E. Rocon, ‘Online de-
tector of movement intention based on EEG—Application in tremor patients’, Bio-
med. Signal Process. Control, vol. 8, no. 6, pp. 822-829, Nov. 2013, doi:
10.1016/j.bspc.2013.07.006.

[101] D. C. Irimia, R. Ortner, G. Krausz, C. Guger, and M. S. Poboroniuc, ‘BCI Applica-
tion in Robotics Control’, IFAC Proc. Vol., vol. 45, no. 6, pp. 1869-1874, May
2012, doi: 10.3182/20120523-3-R0-2023.00432.

[102] I. lturrate, L. Montesano, and J. Minguez, ‘Shared-control brain-computer interface
for a two dimensional reaching task using EEG error-related potentials’, Conf. Proc.
Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. IEEE Eng. Med. Biol. Soc. Annu. Conf.,
vol. 2013, pp. 5258-5262, 2013, doi: 10.1109/EMBC.2013.6610735.

[103] G. N. Jayabhavani, N. R. Raajan, and J. Abirami, ‘A speller based mechanized mes-
senger for smart phones using brain mobile interface (BMI)’, in 2013 International
Conference on Emerging Trends in VLSI, Embedded System, Nano Electronics and
Telecommunication System (ICEVENT), Jan. 2013, pp. 1-5, doi:
10.1109/ICEVENT.2013.6496561.

[104] H. Ji, J. Li, L. Cao, and D. Wang, ‘A EEG-Based Brain Computer Interface System
towards Applicable Vigilance Monitoring’, in Foundations of Intelligent Systems,
Berlin, Heidelberg, 2012, pp. 743-749, doi: 10.1007/978-3-642-25664-6_87.

[105] C. Kapeller, C. Hintermiiller, and C. Guger, ‘Augmented control of an avatar using
an SSVEP based BCI’, Mar. 2012, p. 27:1-27:2, doi: 10.1145/2160125.2160152.

[106] T. Karacsony, J. P. Hansen, H. K. Iversen, and S. Puthusserypady, ‘Brain Computer
Interface for Neuro-rehabilitation With Deep Learning Classification and Virtual
Reality Feedback’, in Proceedings of the 10th Augmented Human International
Conference 2019, Reims, France, Mar. 2019, pp. 1-8, doi:
10.1145/3311823.3311864.

[107] V. Kartsch, S. Benatti, D. Rossi, and L. Benini, ‘A wearable EEG-based drowsiness
detection system with blink duration and alpha waves analysis’, in 2017 8th Inter-
national IEEE/EMBS Conference on Neural Engineering (NER), May 2017, pp.
251-254, doi: 10.1109/NER.2017.8008338.

[108] J. Katona and A. Kdvari, ‘The evaluation of BCI and PEBL-based attention tests’,
Acta Polytech. Hung., vol. 15, Jun. 2018, doi: 10.12700/APH.15.3.2018.3.13.

[109] P. Kaushik, A. Gupta, P. P. Roy, and D. P. Dogra, ‘EEG-Based Age and Gender
Prediction Using Deep BLSTM-LSTM Network Model’, IEEE Sens. J., vol. 19, no.
7, pp. 2634-2641, Apr. 2019, doi: 10.1109/JSEN.2018.2885582.

[110] B. Kerous, F. Skola, and F. Liarokapis, ‘EEG-based BCI and video games: a pro-
gress report’, Virtual Real., vol. 22, no. 2, pp. 119-135, Jun. 2018, doi:
10.1007/s10055-017-0328-x.

63



[111] M. Kim, B. H. Kim, and S. Jo, ‘Quantitative Evaluation of a Low-Cost Noninvasive
Hybrid Interface Based on EEG and Eye Movement’, IEEE Trans. Neural Syst. Re-
habil. Eng., vol. 23, no. 2, pp. 159-168, Mar. 2015, doi:
10.1109/TNSRE.2014.2365834.

[112] Y.-J. Kim, N.-S. Kwak, and S.-W. Lee, ‘Classification of motor imagery for Ear-
EEG based brain-computer interface’, in 2018 6th International Conference on
Brain-Computer Interface (BCI), Jan. 2018, pp. 1-2, doi: 10.1109/IWW-
BCl1.2018.8311517.

[113] E. Kinney-Lang, B. Auyeung, and J. Escudero, ‘Expanding the (kaleido)scope: ex-
ploring current literature trends for translating electroencephalography (EEG) based
brain—computer interfaces for motor rehabilitation in children’, J. Neural Eng., vol.
13, no. 6, p. 061002, Oct. 2016, doi: 10.1088/1741-2560/13/6/061002.

[114] N. Kovacevic, P. Ritter, W. Tays, S. Moreno, and A. R. McIntosh, ‘““My Virtual
Dream”: Collective Neurofeedback in an Immersive Art Environment’, PL0oS ONE,
vol. 10, no. 7, Jul. 2015, doi: 10.1371/journal.pone.0130129.

[115] Z. Lan, Y. Liu, O. Sourina, and L. Wang, ‘Real-time EEG-based user’s valence
monitoring’, in 2015 10th International Conference on Information, Communica-
tions and Signal Processing (ICICS), Dec. 2015, pp. 1-5, doi:
10.1109/1CICS.2015.7459815.

[116] Y.-C. Lee, W.-C. Lin, F.-Y. Cherng, and L.-W. Ko, ‘A Visual Attention Monitor
Based on Steady-State Visual Evoked Potential’, IEEE Trans. Neural Syst. Rehabil.
Eng., vol. 24, no. 3, pp. 399-408, Mar. 2016, doi: 10.1109/TNSRE.2015.2501378.

[117] J. Li, H. Ji, L. Cao, R. Gu, B. Xia, and Y. Huang, ‘Wheelchair Control Based on
Multimodal Brain-Computer Interfaces’, in Neural Information Processing, Berlin,
Heidelberg, 2013, pp. 434-441, doi: 10.1007/978-3-642-42054-2_54.

[118] J. Li, J. Liang, Q. Zhao, J. Li, K. Hong, and L. Zhang, ‘Design of assistive wheel-
chair system directly steered by human thoughts’, Int. J. Neural Syst., vol. 23, no. 3,
p. 1350013, Jun. 2013, doi: 10.1142/S0129065713500135.

[119] M. Li, Y. Zhang, H. Zhang, and H. Hu, ‘An EEG Based Control System for Intelli-
gent Wheelchair’, 2013, doi: 10.4028/www.scientific.net/ AMM.300-301.1540.

[120] S. Li, A. Leider, M. Qiu, K. Gai, and M. Liu, ‘Brain-Based Computer Interfaces in
Virtual Reality’, in 2017 IEEE 4th International Conference on Cyber Security and
Cloud Computing (CSCloud), Jun. 2017, pp. 300-305, doi:
10.1109/CSCloud.2017.51.

[121] Y. Liand T. Yu, ‘EEG-based hybrid BCIs and their applications’, in The 3rd Inter-
national Winter Conference on Brain-Computer Interface, Jan. 2015, pp. 1-4, doi:
10.1109/IWW-BCI.2015.7073035.

[122] L.-D. Liao et al., ‘Gaming control using a wearable and wireless EEG-based brain-
computer interface device with novel dry foam-based sensors’, J. Neuroengineering
Rehabil., vol. 9, p. 5, Jan. 2012, doi: 10.1186/1743-0003-9-5.

[123] L.-D. Liao, I.-J. Wang, C.-J. Chang, B.-S. Lin, C.-T. Lin, and K. C. Tseng, ‘Human
cognitive application by using Wearable Mobile Brain Computer Interface’, in
TENCON 2010 - 2010 IEEE Region 10 Conference, Nov. 2010, pp. 346-351, doi:
10.1109/TENCON.2010.5686646.

[124] C.-T. Lin, F.-C. Lin, S.-A. Chen, S.-W. Lu, T.-C. Chen, and L.-W. Ko, ‘EEG-based
Brain-computer Interface for Smart Living Environment Auto-adjustment’, J. Med.
Biol. Eng., vol. 30, pp. 237-245, Jan. 2010, doi: 10.5405/jmbe.30.4.07.

[125] J.-S. Lin and S. Huang, ‘An FPGA-Based Brain-Computer Interface for Wireless
Electric Wheelchairs’, Appl. Mech. Mater., vol. 284-287, pp. 1616-1621, Jan.
2013, doi: 10.4028/www.scientific.net/ AMM.284-287.1616.

64



[126] J.-S. Lin and W.-C. Yang, ‘Wireless brain-computer interface for electric wheel-
chairs with EEG and eye-blinking signals’, Int J Innov Comput Inf Control, vol. 8,
pp. 6011-6024, Sep. 2012.

[127] Y.-P. Lin, Y. Wang, C.-S. Wei, and T.-P. Jung, ‘A Mobile Brain-Computer Inter-
face for Freely Moving Humans’, in Human-Computer Interaction. Towards Intelli-
gent and Implicit Interaction, Berlin, Heidelberg, 2013, pp. 448-453, doi:
10.1007/978-3-642-39342-6_49.

[128] D. Liu et al., ‘Brain-actuated gait trainer with visual and proprioceptive feedback’,
J. Neural Eng., vol. 14, no. 5, p. 056017, 2017, doi: 10.1088/1741-2552/aa7df9.

[129] D. Liu et al., ‘EEG-Based Lower-Limb Movement Onset Decoding: Continuous
Classification and Asynchronous Detection’, IEEE Trans. Neural Syst. Rehabil.
Eng. Publ. IEEE Eng. Med. Biol. Soc., vol. 26, no. 8, pp. 1626-1635, 2018, doi:
10.1109/TNSRE.2018.2855053.

[130] Y. Liu, H. Ayaz, and P. A. Shewokis, ‘Multisubject “Learning” for Mental Work-
load Classification Using Concurrent EEG, fNIRS, and Physiological Measures’,
Front. Hum. Neurosci., vol. 11, p. 389, 2017, doi: 10.3389/fnhum.2017.00389.

[131] Y. Liu, O. Sourina, and M. K. Nguyen, ‘Real-Time EEG-Based Human Emotion
Recognition and Visualization’, in 2010 International Conference on Cyberworlds,
Oct. 2010, pp. 262-269, doi: 10.1109/CW.2010.37.

[132] Y.-T. Liu, Y.-Y. Lin, S.-L. Wu, C.-H. Chuang, and C.-T. Lin, ‘Brain Dynamics in
Predicting Driving Fatigue Using a Recurrent Self-Evolving Fuzzy Neural Net-
work’, IEEE Trans. Neural Netw. Learn. Syst., vol. 27, no. 2, pp. 347-360, Feb.
2016, doi: 10.1109/TNNLS.2015.2496330.

[133] M. A. Lopez-Gordo, R. Ron-Angevin, and F. Pelayo, ‘Authentication of Brain-
Computer Interface Users in Network Applications’, in Advances in Computational
Intelligence, Cham, 2015, pp. 124-132, doi: 10.1007/978-3-319-19258-1_11.

[134] F. Lotte, J. Fujisawa, H. Touyama, R. Ito, H. Michitaka, and A. Lécuyer, ‘Towards
Ambulatory Brain-Computer Interfaces: A Pilot Study with P300 Signals’, Book
Ambul. Brain-Comput. Interfaces Pilot Study P300 Signals, Jan. 2009, doi:
10.1145/1690388.1690452.

[135] Y. Lu, Y. Hu, R. Liu, H. Wang, H. Asama, and F. Duan, ‘The design of simulation
vehicle system controlled by multichannel EEG based on imaginary movements’, in
2016 35th Chinese Control Conference (CCC), Jul. 2016, pp. 4976-4981, doi:
10.1109/ChiCC.2016.7554127.

[136] T. Maet al., ‘The hybrid BCI system for movement control by combining motor
imagery and moving onset visual evoked potential’, J. Neural Eng., vol. 14, no. 2,
p. 026015, 2017, doi: 10.1088/1741-2552/aa5d5f.

[137] R. Mahajan and D. Bansal, ‘Real Time EEG Based Cognitive Brain Computer In-
terface for Control Applications via Arduino Interfacing’, Procedia Comput. Sci.,
vol. 115, pp. 812-820, Jan. 2017, doi: 10.1016/j.procs.2017.09.158.

[138] E. Maiorana, D. La Rocca, and P. Campisi, ‘EEG-based biometric recognition using
EigenBrains’, in 2015 IEEE International Conference on Multimedia Expo Work-
shops (ICMEW), Jun. 2015, pp. 1-6, doi: 10.1109/ICMEW.2015.7169794.

[139] C. Mandel, T. Lith, T. Laue, T. Rofer, A. Gréser, and B. Krieg-Briickner, ‘Navi-
gating a smart wheelchair with a brain-computer interface interpreting steady-state
visual evoked potentials’, in 2009 IEEE/RSJ International Conference on Intelligent
Robots and Systems, Oct. 2009, pp. 1118-1125, doi: 10.1109/IR0OS.2009.5354534.

65



[140] A. Manolova, G. Tsenov, V. Lazarova, and N. Neshov, ‘Combined EEG and EMG
fatigue measurement framework with application to hybrid brain-computer inter-
face’, in 2016 IEEE International Black Sea Conference on Communications and
Networking (BlackSeaCom), Jun. 2016, pp. 1-5, doi:
10.1109/BlackSeaCom.2016.7901569.

[141] Z. Mao, W. X. Yao, and Y. Huang, ‘EEG-based biometric identification with deep
learning’, in 2017 8th International IEEE/EMBS Conference on Neural Engineering
(NER), May 2017, pp. 609-612, doi: 10.1109/NER.2017.8008425.

[142] S. Marchesotti et al., ‘Cortical and subcortical mechanisms of brain-machine inter-
faces’, Hum. Brain Mapp., vol. 38, no. 6, pp. 2971-2989, 2017, doi:
10.1002/hbm.23566.

[143] D.J. McFarland and J. R. Wolpaw, ‘EEG-based brain—computer interfaces’, Curr.
Opin. Biomed. Eng., vol. 4, pp. 194-200, Dec. 2017, doi:
10.1016/j.cobme.2017.11.004.

[144] F. Melins¢ak, A. B. Jerbi¢, and M. Cifrek, ‘A P300-based brain-computer interface:
Towards a simpler approach’, in 2013 36th International Convention on Infor-
mation and Communication Technology, Electronics and Microelectronics (MI-
PRO), May 2013, pp. 1049-1052.

[145] F. Melinscak, L. Montesano, and J. Minguez, ‘Asynchronous detection of kines-
thetic attention during mobilization of lower limbs using EEG measurements’, J.
Neural Eng., vol. 13, no. 1, p. 016018, Feb. 2016, doi: 10.1088/1741-
2560/13/1/016018.

[146] E. Mikotajewska and D. Mikotajewski, ‘Non-invasive EEG-based brain-computer
interfaces in patients with disorders of consciousness’, Mil. Med. Res., vol. 1, Jul.
2014, doi: 10.1186/2054-9369-1-14.

[147] J. d. R. Millén et al., ‘Combining Brain—-Computer Interfaces and Assistive Tech-
nologies: State-of-the-Art and Challenges’, Front. Neurosci., vol. 4, Sep. 2010, doi:
10.3389/fnins.2010.00161.

[148] M. Mohammadpour and S. Mozaffari, ‘Classification of EEG-based attention for
brain computer interface’, in 2017 3rd Iranian Conference on Intelligent Systems
and Signal Processing (ICSPIS), Dec. 2017, pp. 34-37, doi:
10.1109/ICSPIS.2017.8311585.

[149] K. Mohanchandra, ‘Criminal forensic: An application to EEG’, in 2015 Recent and
Emerging trends in Computer and Computational Sciences (RETCOMP), Jan. 2015,
pp. 18-21, doi: 10.1109/RETCOMP.2015.7090798.

[150] G. G. Molina, T. Tsoneva, and A. Nijholt, ‘Emotional brain-computer interfaces’, in
2009 3rd International Conference on Affective Computing and Intelligent Interac-
tion and Workshops, Sep. 2009, pp. 1-9, doi: 10.1109/AC11.2009.5349478.

[151] Z. Mu, J. Yin, and J. Hu, ‘Application of a brain-computer interface for person au-
thentication using EEG responses to photo stimuli’, J. Integr. Neurosci., vol. 17, no.
1, pp. 53-60, 15 2018, doi: 10.31083/JIN-170042.

[152] G. R. Miller-Putz and R. Rupp, ‘Achievements and challenges of translational re-
search in non-invasive SMR-BCI-controlled upper extremity neuroprosthesis in spi-
nal cord injury’, in 2015 7th International IEEE/EMBS Conference on Neural Engi-
neering (NER), Apr. 2015, pp. 158-161, doi: 10.1109/NER.2015.7146584.

[153] D. P. Murphy et al., ‘Electroencephalogram-Based Brain—-Computer Interface and
Lower-Limb Prosthesis Control: A Case Study’, Front. Neurol., vol. 8, Dec. 2017,
doi: 10.3389/fneur.2017.00696.

66



[154] J. Pan et al., ‘Emotion-Related Consciousness Detection in Patients With Disorders
of Consciousness Through an EEG-Based BCI System’, Front. Hum. Neurosci.,
vol. 12, p. 198, 2018, doi: 10.3389/fnhum.2018.00198.

[155] J. Park, I. Woo, and S. Park, ‘Application of EEG for multimodal human-machine
interface’, in 2012 12th International Conference on Control, Automation and Sys-
tems, Oct. 2012, pp. 1869-1873.

[156] C. Penaloza, D. Hernandez-Carmona, and S. Nishio, ‘Towards Intelligent Brain-
Controlled Body Augmentation Robotic Limbs’, in 2018 IEEE International Con-
ference on Systems, Man, and Cybernetics (SMC), Oct. 2018, pp. 1011-1015, doi:
10.1109/SMC.2018.00180.

[157] C. 1. Penaloza, M. Alimardani, and S. Nishio, ‘Android Feedback-Based Training
Modulates Sensorimotor Rhythms During Motor Imagery’, IEEE Trans. Neural
Syst. Rehabil. Eng., vol. 26, no. 3, pp. 666674, Mar. 2018, doi:
10.1109/TNSRE.2018.2792481.

[158] P. Prashant, A. Joshi, and V. Gandhi, ‘Brain computer interface: A review’, in 2015
5th Nirma University International Conference on Engineering (NUICONE), Nov.
2015, pp. 1-6, doi: 10.1109/NUICONE.2015.7449615.

[159] Y. Punsawad and Y. Wongsawat, ‘Self-paced Emotional Imagery-Based Brain
Computer Interface System’, in 6th International Conference on the Development of
Biomedical Engineering in Vietnam (BMEG6), Singapore, 2018, pp. 567-571, doi:
10.1007/978-981-10-4361-1 97.

[160] U. A. Qidwai and M. Shakir, ‘Fuzzy Classification-Based Control of Wheelchair
Using EEG Data to Assist People with Disabilities’, in Neural Information Pro-
cessing, Berlin, Heidelberg, 2012, pp. 458-467, doi: 10.1007/978-3-642-34478-
7_56.

[161] Z. Qin, Y. Xu, X. Shu, L. Hua, X. Sheng, and X. Zhu, ‘eConHand: A Wearable
Brain-Computer Interface System for Stroke Rehabilitation’, in 2019 9th Interna-
tional IEEE/EMBS Conference on Neural Engineering (NER), Mar. 2019, pp. 734—
737, doi: 10.1109/NER.2019.8716940.

[162] S. K. Ramakuri, C. Chakraborty, S. Ghosh, and B. Gupta, ‘Performance analysis of
eye-state charecterization through single electrode EEG device for medical applica-
tion’, in 2017 Global Wireless Summit (GWS), Oct. 2017, pp. 1-6, doi:
10.1109/GWS.2017.8300494.

[163] A. G. Risangtuni, Suprijanto, and A. Widyotriatmo, ‘Towards online application of
wireless EEG-based open platform Brain Computer Interface’, in 2012 IEEE Con-
ference on Control, Systems Industrial Informatics, Sep. 2012, pp. 141-144, doi:
10.1109/CCSI1.2012.6470489.

[164] R.J. Rodriguez, ‘Electroencephalogram (EEG) based authentication leveraging vis-
ual evoked potentials (VEP) resulting from exposure to emotionally significant im-
ages’, in 2016 IEEE Symposium on Technologies for Homeland Security (HST),
May 2016, pp. 1-6, doi: 10.1109/THS.2016.7568908.

[165] T. Rutkowski, T. Tanaka, Q. Zhao, and A. Cichocki, ‘Spatial Auditory BCI/BMI
Paradigm - Multichannel EMD Approach to Brain Responses Estimation’, Jan.
2010, pp. 197-202.

[166] A. M. S&nchez, A. Gaume, G. Dreyfus, and F.-B. Vialatte, ‘A cognitive brain-com-
puter interface prototype for the continuous monitoring of visual working memory
load’, in 2015 IEEE 25th International Workshop on Machine Learning for Signal
Processing (MLSP), Sep. 2015, pp. 1-5, doi: 10.1109/MLSP.2015.7324370.

67



[167] R. Scherer, G. R. Miller-Putz, and G. Pfurtscheller, ‘Flexibility and practicality
graz brain-computer interface approach’, Int. Rev. Neurobiol., vol. 86, pp. 119-131,
2009, doi: 10.1016/S0074-7742(09)86009-1.

[168] L. F. Seoane, S. Gabler, and B. Blankertz, ‘Images from the mind: BCI image evo-
lution based on rapid serial visual presentation of polygon primitives’, Brain-Com-
put. Interfaces, vol. 2, no. 1, pp. 40-56, Jan. 2015, doi:
10.1080/2326263X.2015.1060819.

[169] C. Sethi, H. Dabas, C. Dua, M. Dalawat, and D. Sethia, ‘EEG-Based Attention
Feedback to Improve Focus in E-Learning’, Dec. 2018, pp. 321-326, doi:
10.1145/3297156.3297157.

[170] M. Shakir, A. S. Malik, N. Kamel, and U. Qidwai, ‘Detection of partial seizure: An
application of fuzzy rule system for wearable ambulatory systems’, in 2014 5th In-
ternational Conference on Intelligent and Advanced Systems (ICIAS), Jun. 2014, pp.
1-5, doi: 10.1109/1CIAS.2014.6869446.

[171] M. Shi et al., ‘Electroencephalogram-based brain-computer interface for the Chi-
nese spelling system: a survey’, Front. Inf. Technol. Electron. Eng., vol. 19, no. 3,
pp. 423-436, Mar. 2018, doi: 10.1631/FITEE.1601509.

[172] D. Simonyi and T. Kovacs, ‘Brain-Computer Interface-Based Feasibility of Enter-
ing Customer Code on Ticket Vending Machines’, Interdiscip. Descr. Complex
Syst., vol. 16, pp. 350-359, Sep. 2018, doi: 10.7906/indecs.16.3.7.

[173] O. Sourina et al., ‘Neuroscience Based Design: Fundamentals and Applications’, in
2016 International Conference on Cyberworlds (CW), Sep. 2016, pp. 250-257, doi:
10.1109/CW.2016.52.

[174] O. Sourina, Y. Liu, Q. Wang, and M. K. Nguyen, ‘EEG-Based Personalized Digital
Experience’, in Universal Access in Human-Computer Interaction. Users Diversity,
Berlin, Heidelberg, 2011, pp. 591-599, doi: 10.1007/978-3-642-21663-3_64.

[175] O. Sourina, Q. Wang, Y. Liu, and M. K. Nguyen, ‘A Real-time Fractal-based Brain
State Recognition from EEG and its Applications.’, Jan. 2011, pp. 82-90.

[176] M. Spiiler, ‘A Brain-Computer Interface (BCI) system to use arbitrary Windows ap-
plications by directly controlling mouse and keyboard’, in 2015 37th Annual Inter-
national Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC), Aug. 2015, pp. 1087—1090, doi: 10.1109/EMBC.2015.7318554.

[177] H. G. Tan, K. H. Kong, C. Y. Shee, C. C. Wang, C. T. Guan, and W. T. Ang, ‘Post-
acute stroke patients use brain-computer interface to activate electrical stimulation’,
in 2010 Annual International Conference of the IEEE Engineering in Medicine and
Biology, Aug. 2010, pp. 4234-4237, doi: 10.1109/IEMBS.2010.5627381.

[178] K. P. Thomas, A. P. Vinod, and C. Guan, ‘Design of an online EEG based neu-
rofeedback game for enhancing attention and memory’, Conf. Proc. Annu. Int. Conf.
IEEE Eng. Med. Biol. Soc. IEEE Eng. Med. Biol. Soc. Annu. Conf., vol. 2013, pp.
433-436, 2013, doi: 10.1109/EMBC.2013.6609529.

[179] K. C. Tseng, B.-S. Lin, C.-M. Han, and P.-S. Wang, ‘Emotion recognition of EEG
underlying favourite music by support vector machine’, in 2013 1st International
Conference on Orange Technologies (ICOT), Mar. 2013, pp. 155-158, doi:
10.1109/1COT.2013.6521181.

[180] C. Wang et al., ‘A feasibility study of non-invasive motor-imagery BCI-based ro-
botic rehabilitation for Stroke patients’, in 2009 4th International IEEE/EMBS Con-
ference on Neural Engineering, Apr. 2009, pp. 271-274, doi:
10.1109/NER.2009.5109285.

68



[181] Q. Wang, O. Sourina, and M. K. Nguyen, ‘EEG-Based “Serious” Games Design for
Medical Applications’, in 2010 International Conference on Cyberworlds, Oct.
2010, pp. 270-276, doi: 10.1109/CW.2010.56.

[182] Q. Wang, O. Sourina, and M. K. Nguyen, ‘Fractal dimension based neurofeedback
in serious games’, Vis. Comput., vol. 27, no. 4, pp. 299-309, Apr. 2011, doi:
10.1007/s00371-011-0551-5.

[183] Y.-K. Wang, S.-A. Chen, and C.-T. Lin, ‘An EEG-based brain—computer interface
for dual task driving detection’, Neurocomputing, vol. 129, pp. 85-93, Apr. 2014,
doi: 10.1016/j.neucom.2012.10.041.

[184] Y. Wang, T. Hidaka, Y. Kawai, and J. Okuda, ‘Why Cannot Control Your
Smartphones by Thinking? Hands-Free Information Control System Based on
EEG”’, in Innovation in Medicine and Healthcare 2015, Cham, 2016, pp. 553-564,
doi: 10.1007/978-3-319-23024-5_50.

[185] H. WATANABE, H. TANAKA, S. Sakti, and S. NAKAMURA, ‘Neural Oscilla-
tion-Based Classification of Japanese Spoken Sentences During Speech Perception’,
IEICE Trans. Inf. Syst., vol. E102.D, pp. 383-391, Feb. 2019, doi:
10.1587/transinf.2018EDP7293.

[186] N. Waytowich, A. Henderson, D. Krusienski, and D. Cox, ‘Robot application of a
brain computer interface to staubli TX40 robots - early stages’, in 2010 World Auto-
mation Congress, Sep. 2010, pp. 1-6.

[187] C.-S. Wei, Y.-P. Lin, Y.-T. Wang, T.-P. Jung, N. Bigdely-Shamlo, and C.-T. Lin,
‘Selective Transfer Learning for EEG-Based Drowsiness Detection’, in 2015 IEEE
International Conference on Systems, Man, and Cybernetics, Oct. 2015, pp. 3229-
3232, doi: 10.1109/SMC.2015.560.

[188] C.-S. Wei, Y.-T. Wang, C.-T. Lin, and T.-P. Jung, ‘Toward Drowsiness Detection
Using Non-hair-Bearing EEG-Based Brain-Computer Interfaces’, IEEE Trans. Neu-
ral Syst. Rehabil. Eng., vol. 26, no. 2, pp. 400-406, Feb. 2018, doi:
10.1109/TNSRE.2018.2790359.

[189] P. Wei, ‘An virtual vehicle control game for online brain computer interface feed-
back training’, in 2010 IEEE International Conference on Mechatronics and Auto-
mation, Aug. 2010, pp. 1942-1944, doi: 10.1109/ICMA.2010.5589104.

[190] J. R. Wolpaw, ‘Brain—Computer Interface Research Comes of Age: Traditional As-
sumptions Meet Emerging Realities’, J. Mot. Behav., vol. 42, no. 6, pp. 351-353,
Oct. 2010, doi: 10.1080/00222895.2010.526471.

[191] S. C. Wriessnegger, D. Hackhofer, and G. R. Muller-Putz, ‘Classification of uncon-
scious like/dislike decisions: First results towards a novel application for BCI tech-
nology’, Conf. Proc. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. IEEE Eng. Med.
Biol. Soc. Annu. Conf., vol. 2015, pp. 2331-2334, 2015, doi:
10.1109/EMBC.2015.7318860.

[192] S.-L. Wu et al., ‘A motor imagery based brain-computer interface system via
swarm-optimized fuzzy integral and its application’, in 2016 IEEE International
Conference on Fuzzy Systems (FUZZ-IEEE), Jul. 2016, pp. 2495-2500, doi:
10.1109/FUZZ-IEEE.2016.7738007.

[193] J. Xiao, Q. Lin, T. Yu, Q. Xie, R. Yu, and Y. Li, ‘A BCI system for assisting visual
fixation assessment in behavioral evaluation of patients with disorders of conscious-
ness’, in 2017 8th International IEEE/EMBS Conference on Neural Engineering
(NER), May 2017, pp. 399-402, doi: 10.1109/NER.2017.8008374.

[194] J. Xiao et al., ‘An Auditory BCI System for Assisting CRS-R Behavioral Assess-
ment in Patients with Disorders of Consciousness’, Sci. Rep., vol. 6, no. 1, Art. no.
1, Sep. 2016, doi: 10.1038/srep32917.

69



[195] Y. Xie and X. Li, ‘A brain controlled wheelchair based on common spatial pattern’,
in 2015 International Symposium on Bioelectronics and Bioinformatics (ISBB), Oct.
2015, pp. 19-22, doi: 10.1109/ISBB.2015.7344913.

[196] H. Xu and K. N. Plataniotis, ‘EEG-based affect states classification using Deep Be-
lief Networks’, in 2016 Digital Media Industry Academic Forum (DMIAF), Jul.
2016, pp. 148-153, doi: 10.1109/DMIAF.2016.7574921.

[197] R. Xu et al., ‘Effects of Repeating a Tactile Brain-Computer Interface on Patients
with Disorder of Consciousness: A Hint of Recovery?*’, in 2019 9th International
IEEE/EMBS Conference on Neural Engineering (NER), Mar. 2019, pp. 29-32, doi:
10.1109/NER.2019.8717060.

[198] J. Yan, S. Chen, and S. Deng, ‘A EEG-based emotion recognition model with
rhythm and time characteristics’, Brain Inform., vol. 6, no. 1, p. 7, Sep. 2019, doi:
10.1186/s40708-019-0100-y.

[199] J. Yin and J. Hu, ‘Design and Implement of Pocket PC Game Based on Brain-Com-
puter Interface’, in Computing and Intelligent Systems, Berlin, Heidelberg, 2011,
pp. 456463, doi: 10.1007/978-3-642-24091-1_60.

[200] J. Yin, J. Hu, and Z. Mu, ‘Design and Implement of BCI System Based on Android
Platform’, in Information Engineering and Applications, London, 2012, pp. 522—
529, doi: 10.1007/978-1-4471-2386-6_67.

[201] Y. Yu, Y. Liu, E. Yin, J. Jiang, Z. Zhou, and D. Hu, ‘An Asynchronous Hybrid
Spelling Approach Based on EEG-EOG Signals for Chinese Character Input’, IEEE
Trans. Neural Syst. Rehabil. Eng., vol. 27, no. 6, pp. 1292-1302, Jun. 2019, doi:
10.1109/TNSRE.2019.2914916.

[202] J. Yue, Z. Zhou, J. Jiang, Y. Liu, and D. Hu, ‘Balancing a simulated inverted pendu-
lum through motor imagery: An EEG-based real-time control paradigm’, Neurosci.
Lett., vol. 524, no. 2, pp. 95-100, Aug. 2012, doi: 10.1016/j.neulet.2012.07.031.

[203] J. K. Zao et al., ‘Pervasive brain monitoring and data sharing based on multi-tier
distributed computing and linked data technology’, Front. Hum. Neurosci., vol. 8, p.
370, 2014, doi: 10.3389/fnhum.2014.00370.

[204] P. Zarjam, J. Epps, and N. H. Lovell, ‘Beyond Subjective Self-Rating: EEG Signal
Classification of Cognitive Workload’, IEEE Trans. Auton. Ment. Dev., vol. 7, no.
4, pp. 301-310, Dec. 2015, doi: 10.1109/TAMD.2015.2441960.

[205] H. Zeng et al., ‘A LightGBM-based EEG analysis method for driver mental states
classification’, Comput. Intell. Neurosci., vol. 2019, 2019, doi:
10.1155/2019/3761203.

[206] H. Zhang, R. Chavarriaga, Z. Khaliliardali, L. Gheorghe, I. Iturrate, and J. d R. Mil-
lan, ‘EEG-based decoding of error-related brain activity in a real-world driving
task’, J. Neural Eng., vol. 12, no. 6, p. 066028, Dec. 2015, doi: 10.1088/1741-
2560/12/6/066028.

[207] X. Zhang, L. Yao, Q. Z. Sheng, S. S. Kanhere, T. Gu, and D. Zhang, ‘Converting
Your Thoughts to Texts: Enabling Brain Typing via Deep Feature Learning of EEG
Signals’, in 2018 IEEE International Conference on Pervasive Computing and
Communications (PerCom), Mar. 2018, pp. 1-10, doi:
10.1109/PERCOM.2018.8444575.

[208] J. Zhou, J. Yao, J. Deng, and J. P. A. Dewald, ‘EEG-based classification for elbow
versus shoulder torque intentions involving stroke subjects’, Comput. Biol. Med.,
vol. 39, no. 5, pp. 443-452, May 2009, doi: 10.1016/j.compbiomed.2009.02.004.

[209] Z. Zhou, P. Li, J. Liu, and W. Dong, ‘A Novel Real-Time EEG Based Eye State
Recognition System’, in Communications and Networking, Cham, 2019, pp. 175—
183, doi: 10.1007/978-3-030-06161-6_17.

70



[210] P. Zioga, P. Chapman, M. Mae, and F. Pollick, ‘A Hypothesis of Brain-to-Brain
Coupling in Interactive New Media Art and Games Using Brain-Computer Inter-
faces’, in Serious Games, Cham, 2015, pp. 103-113, doi: 10.1007/978-3-319-
19126-3_9.

[211] P. Zioga, F. Pollick, M. Ma, P. Chapman, and K. Stefanov, ‘“Enheduanna-A Mani-
festo of Falling” Live Brain-Computer Cinema Performance: Performer and Audi-
ence Participation, Cognition and Emotional Engagement Using Multi-Brain BCI
Interaction’, Front. Neurosci., vol. 12, p. 191, 2018, doi: 10.3389/fnins.2018.00191.

[212] Y. Muhammad and D. Vaino, ‘Controlling Electronic Devices with Brain
Rhythms/Electrical Activity Using Artificial Neural Network (ANN)’, Bioengineer-
ing, vol. 6, no. 2, Art. no. 2, Jun. 2019, doi: 10.3390/bioengineering6020046.

[213] K. Roots, Y. Muhammad, and N. Muhammad, ‘Fusion Convolutional Neural Net-
work for Cross-Subject EEG Motor Imagery Classification’, Computers, vol. 9, no.
3, Art. no. 3, Sep. 2020, doi: 10.3390/computers9030072.

[214] M.-O. Tamm, Y. Muhammad, and N. Muhammad, ‘Classification of Vowels from
Imagined Speech with Convolutional Neural Networks’, Computers, vol. 9, no. 2,
Art. no. 2, Jun. 2020, doi: 10.3390/computers9020046.

71



Appendices

I. Licence

Non-exclusive licence to reproduce thesis and make thesis public

|, Kaido Vérbu

1. herewith grant the University of Tartu a free permit (non-exclusive licence) to reproduce,
for the purpose of preservation, including for adding to the DSpace digital archives until the
expiry of the term of copyright,

“Systematic Literature Review on EEG-based BCI Applications”, supervised by Yar Mu-
hammad and Naveed Muhammad.

2. | grant the University of Tartu a permit to make the work specified in p. 1 available to the
public via the web environment of the University of Tartu, including via the DSpace digital
archives, under the Creative Commons licence CC BY NC ND 3.0, which allows, by giving
appropriate credit to the author, to reproduce, distribute the work and communicate it to the
public, and prohibits the creation of derivative works and any commercial use of the work
until the expiry of the term of copyright.

3. I am aware of the fact that the author retains the rights specified in p. 1 and 2.

4. | certify that granting the non-exclusive licence does not infringe on other persons’ intel-
lectual property rights or rights arising from the personal data protection legislation.

Kaido Varbu
10.11.2020

72



